
Mobile Information Systems

Wearable Technology and Mobile 
Applications for Healthcare

Lead Guest Editor: Iván García-Magariño
Guest Editors: Dilip Sarkar, Zahia Guessoum, and Raquel Lacuesta



Wearable Technology and Mobile Applications
for Healthcare



Mobile Information Systems

Wearable Technology and Mobile Applications
for Healthcare

Lead Guest Editor: Iván García-Magariño
Guest Editors: Dilip Sarkar, Zahia Guessoum, and Raquel Lacuesta



Copyright © 2019 Hindawi. All rights reserved.

This is a special issue published in “Mobile Information Systems.” All articles are open access articles distributed under the Creative Com-
mons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.



Editorial Board

Mari C. Aguayo Torres, Spain
Ramon Aguero, Spain
Markos Anastassopoulos, UK
Marco Anisetti, Italy
Claudio Agostino Ardagna, Italy
Jose M. Barcelo-Ordinas, Spain
Alessandro Bazzi, Italy
Luca Bedogni, Italy
Paolo Bellavista, Italy
Nicola Bicocchi, Italy
Peter Brida, Slovakia
Carlos T. Calafate, Spain
María Calderon, Spain
Juan C. Cano, Spain
Salvatore Carta, Italy
Yuh-Shyan Chen, Taiwan
Wenchi Cheng, China
Massimo Condoluci, Sweden
Antonio de la Oliva, Spain
Almudena Díaz Zayas, Spain

Filippo Gandino, Italy
Jorge Garcia Duque, Spain
L. J. García Villalba, Spain
Michele Garetto, Italy
Romeo Giuliano, Italy
Prosanta Gope, UK
Javier Gozalvez, Spain
Francesco Gringoli, Italy
Carlos A. Gutierrez, Mexico
Ravi Jhawar, Luxembourg
Peter Jung, Germany
Adrian Kliks, Poland
Dik Lun Lee, Hong Kong
Ding Li, USA
Juraj Machaj, Slovakia
Sergio Mascetti, Italy
Elio Masciari, Italy
Maristella Matera, Italy
Franco Mazzenga, Italy
Eduardo Mena, Spain

Massimo Merro, Italy
Aniello Minutolo, Italy
Jose F. Monserrat, Spain
Raul Montoliu, Spain
Mario Muñoz-Organero, Spain
Francesco Palmieri, Italy
José J. Pazos-Arias, Spain
Marco Picone, Italy
Vicent Pla, Spain
Amon Rapp, Italy
Daniele Riboni, Italy
Pedro M. Ruiz, Spain
Michele Ruta, Italy
Stefania Sardellitti, Italy
Filippo Sciarrone, Italy
Floriano Scioscia, Italy
Michael Vassilakopoulos, Greece
Laurence T. Yang, Canada
Jinglan Zhang, Australia



Contents

Wearable Technology andMobile Applications for Healthcare
Iván García-Magariño , Dilip Sarkar , and Raquel Lacuesta
Editorial (2 pages), Article ID 6247094, Volume 2019 (2019)

Depression Episodes Detection in Unipolar and Bipolar Patients: A Methodology with Feature
Extraction and Feature Selection with Genetic Algorithms Using Activity Motion Signal as Information
Source
Carlos E. Galván-Tejada , Laura A. Zanella-Calzada , Hamurabi Gamboa-Rosales ,
Jorge I. Galván-Tejada, Nubia M. Chávez-Lamas, Ma. del Carmen Gracia-Cortés,
Rafael Magallanes-Quintanar, and José M. Celaya-Padilla
Research Article (12 pages), Article ID 8269695, Volume 2019 (2019)

Empirical Study Based on the Perceptions of Patients and Relatives about the Acceptance of Wearable
Devices to ImproveTheir Health and Prevent Possible Diseases
Francisco D. Guillén-Gámez and María J. Mayorga-Fernández
Research Article (12 pages), Article ID 4731048, Volume 2019 (2019)

An Integrated SEM-Neural Network Approach for Predicting Determinants of Adoption of Wearable
Healthcare Devices
Shahla Asadi , Rusli Abdullah, Mahmood Safaei, and Shah Nazir
Research Article (9 pages), Article ID 8026042, Volume 2019 (2019)

Gait Assessment of Younger and Older Adults with Portable Motion-Sensing Methods: A User Study
Runting Zhong, Pei-Luen Patrick Rau , and Xinghui Yan
Research Article (13 pages), Article ID 1093514, Volume 2019 (2019)

AHybrid Intelligent System Framework for the Prediction of Heart Disease Using Machine Learning
Algorithms
Amin Ul Haq , Jian Ping Li , Muhammad Hammad Memon , Shah Nazir , and Ruinan Sun
Research Article (21 pages), Article ID 3860146, Volume 2018 (2019)

An Empirical Evaluation on Vibrotactile Feedback forWristband System
Feng Wang , Wanna Zhang, and Wei Luo
Research Article (8 pages), Article ID 4878014, Volume 2018 (2019)

http://orcid.org/0000-0002-2726-6760
http://orcid.org/0000-0001-9102-4291
http://orcid.org/0000-0002-4773-4904
http://orcid.org/0000-0002-7635-4687
http://orcid.org/0000-0002-8049-8077
http://orcid.org/0000-0002-9498-6602
http://orcid.org/0000-0001-6470-526X
http://orcid.org/0000-0003-3749-1264
http://orcid.org/0000-0002-8199-2122
http://orcid.org/0000-0003-0126-9944
http://orcid.org/0000-0002-5713-8612
http://orcid.org/0000-0002-7774-5604
http://orcid.org/0000-0003-2192-1450
http://orcid.org/0000-0002-8680-1831
http://orcid.org/0000-0003-0126-9944
http://orcid.org/0000-0002-6181-9816
http://orcid.org/0000-0002-9847-7805


Editorial
Wearable Technology and Mobile Applications for Healthcare

Iván Garcı́a-Magariño ,1 Dilip Sarkar ,2 and Raquel Lacuesta 3,4

1Department of Software Engineering and Artificial Intelligence, Faculty of Computer Science, Complutense University of Madrid,
Madrid, Spain
2Department of Computer Science, Department of Electrical and Computer Engineering, University of Miami, Miami, FL, USA
3Department of Computer Science and Engineering of Systems, Polytechnic University School of Teruel, University of Zaragoza,
Teruel, Spain
4Aragón Health Research Institute, IIS Aragón, University of Zaragoza, Zaragoza, Spain

Correspondence should be addressed to Iván Garcı́a-Magariño; ivan_gmg@fdi.ucm.es

Received 2 May 2019; Accepted 2 May 2019; Published 21 May 2019

Copyright © 2019 Iván Garcı́a-Magariño et al. (is is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Wearable technology (WT) and mobile applications (apps)
are providing support for continuous health monitoring of
people in a wide range of diseases, including psychological and
physical. WT and apps can be especially useful in the aging
population [1] for tracking the evolution of certain symptoms,
providing motivational engagement and supporting tele-
medicine with remote monitoring. WT and apps are some of
the pillars in the mHealth research [2]. Among most com-
mons applications, apps can (a) geolocate lost people with
neurodegenerative impairment, (b) collate patient-reported
outcome measures and patient-reported experience measures
(PROMs and PREMs), (c) automatically evaluate early
symptoms of some neurodegenerative diseases by assessing
features such as memory, and (d) keep track of emotional
evolution like in the EmoPaint app. WT can (1) monitor the
physical activity during the day by counting steps, which is
useful in some rehabilitation or degenerative diseases, (2)
track the heart’s activity to ensure that the wearer’s activity
keeps the heart rate in a healthy and nonrisky range, and (3)
check seeping patterns for ensuring the proper rest.

(is special issue includes six works about the latest
advances in WT and apps, including (a) hardware in-
novation about multisemantic vibrotactile for feedback, (b)
intelligent analyses of sensor readings for predictions, (c)
gait assessment, and (d) analysis of survey data about users’
perceptions.

WT and apps have boosted a number of solutions with
the aim of improving health and quality of people’s life. In

this special issue, F. D. Guillén-Gámez and M. J. Mayorga-
Fernández analyzed the perceptions of patients and family
members regarding the use of these new technologies. (ey
also analyzed these perceptions in relation to the age and
gender of participants. (eir study showed an increase in
technology interest in young women, the influence of age on
the use of wearable devices, and the importance of privacy
and confidence in the use of these technologies.

(ese technologies also can change health monitoring
and open door for new monitoring systems for better
healthcare delivery opportunities. Another factor to pay
attention in this field is the necessity for predicting and
prioritizing individuals’ influential factors which impact on
the process for adoption of wearable healthcare devices by
consumers. (e work of S. Asadi et al. of this special issue
indicates that the perceived usefulness is one of the pre-
dictors that are more significant in the adoption of these
devices. Other factors are health interest, perceived ease of
use, initial trust, and consumers’ innovativeness.

In the context of emotions, there is a large variety of apps
that can track emotions, and generally with self-reported
methods. Some apps rely on simply asking users to choose
their emotions from questionnaires with scales such as
PANAS (Positive and Negative Affect Schedule). Other apps
are based on the estimation of emotions based on the
analysis of other self-reported information. For instance, the
EmoPaint app estimated emotions based on the analysis of
self-reported bodily sensations relying on the initial
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prototypes proposed by L. Nummenmaa et al. [3]. (is app
also allowed the user to provide feedback about their
emotions to keep an emotion diary with more accurate
information and to let the app automatically learn from the
feedback to customize the predictions for each user. In
addition, the EmoPose app allowed users to report 3D
emotional poses and detect emotions from these. (e un-
derlying method is based on the initial emotional body poses
presented by K. Schindler et al. [4]. However, WT can au-
tomatically detect emotions from sensor data without the
need for self-reporting information by users. C. E. Galván-
Tejada et al. reported that sensor data are useful for detecting
depression episodes in unipolar and bipolar patients. (ey
used genetic algorithms for analyzing the activity signal from
a smartband.

In some WT and apps, artificial intelligence (AI) plays a
key role in predicting user emotions and diseases from the
available data. In the case of emotions, EmoPaint used
computer vision techniques (i.e., analysis of color histo-
grams in different body areas), EmoPose applied case-based
reasoning, and the work reported in this special issue by C. E.
Galván-Tejada et al. is based on genetic algorithms. A. U.
Haq et al. presented a hybrid intelligent system for classi-
fying people with heart disease and healthy people. (eir
experiments with the Cleveland heart disease dataset
compared the performance of seven well-known classifiers
and three feature selection algorithms for this purpose.

WT is still limited in the feedback of eye-free scenarios.
In this special issue, F. Wang et al. proposed a new
mechanism for providing multisemantic vibrotactile feed-
back in wristbands. In particular, they evaluated a wristband
system with five vibration patterns, using different vibration
motors located in different places and orientations of the
wristband. (eir experimentation showed that participants
were able to distinguish different vibration patterns with
90% accuracy.

Furthermore, WTcan be used for gait assessment. In this
special issue, R. Zhong et al. presented an approach for
evaluating gait with four smart bracelets in wrists and ankles
connected to an Android app in a smartphone and a website
based on Microsoft Azure. (eir user study revealed the
utility of their approach for assessing gait in Chinese adults
and provided feedback about which aspects could be im-
proved from user experience viewpoint like the result
visualization.

In the expansion of WT and apps for healthcare, some
frameworks focus on the agile software development of these
apps, like FAMAP (a framework for developing mHealth
apps) [5]. (is framework empowers the development of
different apps andWTs for healthcare incorporating big data
analytics and AI (e.g., including support for advanced agent-
based simulators for predicting the repercussion of certain
treatments or patient situations). In particular, EmoPaint
and EmoPose apps were developed with FAMAP.

(is special issue has presented the advances on mon-
itoring users with WT and apps for healthcare, considering
users’ perceptions, emotion tracking, AI, vibrotactile feed-
back, and gait assessment. However, it is worth highlighting
that, besides WT and apps, the interest of Internet of things

(IoT) is continuously increasing in the context of healthcare
[6], since IoT can automatically collate with big data from
users on their home environment. Due to the huge amount
of generated information from IoT, commonly IoT use fog
computing for efficiently handling all these data. Similar
techniques could be applied in WT and apps. In order to
properly improve this expanding field, WTand apps need to
support green computing and ensure the appropriate levels
of security and privacy. We hope that this special issue
encourages works towards future healthcare systems that
integrateWT, apps, and IoT tomonitor patients for applying
AI techniques and big data analytics for accurately detecting
patterns in patients and predicting possible relevant medical
conditions. We also hope that researchers will be motivated
by this special issue to continue the research inWTand apps
for healthcare considering the aforementioned challenges.
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Jardı́n Juarez 147, Centro, 98000 Zacatecas, Zac, Mexico

Correspondence should be addressed to Hamurabi Gamboa-Rosales; hamurabigr@uaz.edu.mx

Received 18 November 2018; Revised 15 February 2019; Accepted 11 March 2019; Published 23 April 2019

Guest Editor: Dilip Sarkar

Copyright © 2019 Carlos E. Galván-Tejada et al. 1is is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in anymedium, provided the original work is
properly cited.

Depression is a mental disorder which typically includes recurrent sadness and loss of interest in the enjoyment of the positive
aspects of life, and in severe cases fatigue, causing inability to perform daily activities, leading to a progressive loss of quality of life.
Monitoring depression (unipolar and bipolar patients) stats relays on traditional method reports from patients; however, bias is
commonly present, given the patients’ interpretation of the experiences. Nevertheless, to overcome this problem, Ecological
Momentary Assessment (EMA) reports have been proposed and widely used. 1ese reports includes data of the behaviour,
feelings, and other type of activities recorded almost in real time using different types of portable devices, which nowadays include
smartphones and other wearables such as smartwatches. In this study is proposed amethodology to detect depressive patients with
the motion data generated by patient activity, recorded with a smartband, obtained from the “Depresjon” database. Using this
signal as information source, a feature extraction approach of statistical features, in time and spectral evolution of the signal, is
done. Subsequently, a clever feature selection with a genetic algorithm approach is done to reduce the amount of information
required to give a fast noninvasive diagnostic. Results show that the feature extraction approach can achieve a value of 0.734 of
area under the curve (AUC), and after applying feature selection approach, a model comprised by two features from the motion
signal can achieve a 0.647 AUC.1ese results allow us to conclude that using the activity signal from a smartband, it is possible to
distinguish between depressive states, providing a preliminary and automated tool to specialists for the diagnosis of depression
almost in real time.

1. Introduction

1e definition of health issued by the World Health Or-
ganization (WHO) says that “health is a state of complete
physical, mental and social well-being and not only of
disease or infirmity.” More than 350 million people in the
world suffer from depression, and this can become a serious

health problem, especially when it is of long duration and
moderate to severe intensity, and can cause great suffering
and disrupt work, school, family, economic, and emotional
activities, among others. In the worst case, it can lead to
suicide, which is the cause of approximately 1 million deaths
annually [1]. In Latin America, there is a high rate of mental
health problems in the infant and youth population; about
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20% of this population has disorders that require in-
terventions of health services, but this number is under-
estimated due to the tendency of adolescents to hide and
disguise their own problems to adults and their lack of
confidence to access therapeutic structures [2]. Depression is
a mental disorder characterized fundamentally by depressive
mood, loss of interest, and enjoyment of the positive aspects
of life and fatigue, which impoverish the quality of life and
generate difficulties in the family, work, and social envi-
ronment of those who suffer it.

Depression can manifest itself regardless of age, gender,
socioeconomic status, and academic program and can
present with primary symptoms that do not encompass
mood changes and even change cognitive function, so it is
not difficult for any individual to become depressed [3].
1ere is no doubt that studying the sociodemographic
factors of age, gender, socioeconomic stratum, and family in
adolescent students is relevant, due to the relationship that
may exist between these and themanifestation of depression.
1is is why, in the global context, we find a series of studies
that report high rates of depression in this population [4].

When referring to depression, we include those mood
disorders with depressive symptoms, which include unipolar
major depressive disorder, dysthymia, and mood disorders
due to medical illness with depressive symptoms, among
others. Despite the variety of alterations, by default, when
speaking of depression, reference is made to the major
unipolar depressive disorder. 1is disorder is considered the
main cause of years of life lost due to disability (AVPD)
according to the Global Burden of Disease Study (GBDS),
conducted by the WHO [1].

One in four people suffer from one or more mood or
behavioural disorders throughout their lives, and between
50% and 70% of those with a major or minor depressive
episode have a predisposition to develop a new one in the
next 5 years, which generates great impact on the global
economy by the cost of psychotherapeutic and pharmaco-
logical management and by the avoidant personality dis-
order (AVPD), which for 2010 was 2.5 trillion dollars
associated with major depressive disorder, with a projected
increase to 6 trillion by 2030. 1e prognosis would improve
with timely and adequate psychological, social, and phar-
macological management.

1e efficacy of the current treatment of depression needs
to be increased since its prevalence is very high worldwide
and only half of patients experience complete remission with
first-line treatments (pharmacotherapy and psychotherapy)
within two years [1, 5].

Within the framework of preventive actions or psy-
chological rehabilitation, the instrumentation to obtain a
standardized measure of depression is to act from a scientific
framework. 1erefore, it is necessary to have evaluation
instruments that demonstrate the best evidence of validity
and reliability to support inferences about the early detection
of some symptoms of depression. One of these measures is
the State-Rask Depression Inventory [6], which has ad-
vantages over some known instruments, such as the Self-
Administered Depression Scale [7] and the Beck-II De-
pression Inventory [8]. Another of the most representative

characteristics is that it allows us to differentiate between the
persons’ current experience (state) and their habitual way of
behaving (trait) with regard to the affective component of
depression [6].1is is of great clinical value in differentiating
experience in two time frames and specifically targeting one
of the constituent areas of depression: affective disorders [6].
Classical methods to achieve correct monitoring of de-
pression states (unipolar and bipolar) in patients are done by
reports from patients’ recall. Nevertheless, this type of
monitoring is prone to bias commonly, in addition to
changes in the behaviour and understanding the real world
as is reported by Shiffman et al. [9]. Another type of method
to overcome these problems is Ecological Momentary As-
sessment (EMA). 1is type of report includes behaviour,
feelings, and other types of activities as close as possible to
the moment of the experience in real-life situations [9]. One
improvement to these types of reports is done by the increase
of wearable devices (for instance, smartwatches and
smartglasses) and smartphones, which includes different
types of sensors (motion sensors, gyroscopes, and acceler-
ometers), allowing EMAmeasurements to be done almost in
real time, helping to monitor mental illness and give a close
view to provide treatments, interventions, and increase the
coverage of mental health services in the population without
the need of new specific proposal devices or modifying
adding sensors to the environment where the patients are
living.

One device currently used to achieve mental health
illness supervision is the smartphones and similar ones like
smartwatches. One proposal is presented by Gravenhorst
et al. [10]; they discussed how mobile phones can increase
the effectiveness of mental disorders treatment by two main
approaches: in one hand, the implementation of human-
computer interfaces for therapy and secondly, collection of
important data from patients’ daily lives to be recorded by
the current state and the development of their mental
problems; they also discussed the advantages and drawbacks
of the most promising technologies for detecting disorders
like depression or bipolar disorder.

Other interesting approach is given by Firth et al.’s [11]
study; they demonstrate that psychological interventions
with a smartphone as a clinical tool can reduce anxiety in
schizophrenia patients. Torous et al. [12], in their study,
provide data on psychiatric patients and the relationship
with the use and interest of utilizing mobile applications to
monitor their mental health conditions. In this study, results
presented show that 50% of patients from all age groups are
interested and will use mobile applications to monitor their
mental health condition to control their illness. Bayindir
et al. [13] present a systematic review of different works that
focus in the use of mobile phone sensors to detect human
behavior characteristics, describing activity detection at
different abstraction levels of activity and characterizing
health-related activities, like physical exercise and sleeping.

Additionally to the use of applications, these devices
include several embedded sensors that have been used to
acquire contextual information and several niches [14, 15],
including activity recognition [16] and particularly activity
that helps to find mental disorders [17]. For instance,
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Gruenerbl et al. [18] demonstrate that inertial sensors and
GPS traces can be used as a measurement device in psy-
chiatric diagnosis, through amethodology based on a feature
extraction of physical motion levels and travel patterns, and
a classification analysis using a naı̈ve Bayes technique. Reece
et al. [19] identify depressed subjects using uploaded photos
of Instagram based on a random forest technique. Grünerbl
et al. [20] propose the classification of depressed and maniac
states in bipolar patients based on smartphone data. Max-
huni et al. [21] classify bipolar patients through audio, motor
activity, and questionnaires. Berle et al. [22] propose an
approach using motor activity information to reveal
schizophrenia and depression patterns. Koo et al. [23]
present a research of the utility of the combination of
biomarkers related to different approaches, such as motor
activity based on actigraphymeasurements, showing that the
discrimination of patients based on these biomarkers im-
proves in the identification of depressed subjects. Averill
et al. [24] examine the psychomotor change in depressive
episodes based on the activity levels measured by actigraphy
in order to know the response of the depression treatment,
concluding that the early change in simple activity and
psychomotor speed allows one to measure the treatment
response in depressed patients. Garcia-Ceja et al. [15]
performed an analysis of data collected through actigraphy
applying machine learning to classify depressed patients,
finding that the data contain information that allows de-
termination of the depression status of a subject. Huguet
et al. [25] present a review to identify self-help apps that are
available for depressed people. 1e apps that offer cognitive
behavioural therapy (CBT) or behavioural activation (BA)
are evaluated since the low level of adherence to the core
ingredients of the CBTand BA models causes that the utility
of these apps is questionable. It was possible to conclude that
the application of superior scientific, technological, and legal
knowledge is required to improve the credibility of the apps
for people with depression.

On the other hand, Mohr et al. [26] provide a review of
sensing research related to mental health, where a layered
and hierarchical model is provided for the translation of raw
sensor data into markers of behaviors and states related to
mental health. Finally, in the work of Guntuku et al. [27] is
reviewed the study of predicting mental illness using social
media, including screening surveys, public sharing on
Twitter, and themembership in an online forum, concluding
that automated detection methods are useful to identify
depressed or individuals at risk through the monitoring of
passive activity in social media.

1e aim of this work is to study the signal generated by a
smartbands accelerometer to detect depressive states
through the activity of patients and to propose a feature
extraction (using the temporal and spectral evolution of the
signal), as well as a clever feature selection based on a genetic
algorithm approach to minimize the data required to
identify these depressive states allowing an almost real-time
noninvasive diagnosis. In this type of disease, early symp-
tomatic detection can significantly increase the development
of an effective treatment and contribute to the prevention of
this type of psychopathology.

One of the main advantages proposed in this work is the
simplicity in the data acquisition since the device used is
noninvasive, has a small size, and does not hinder daily
activities, which is a benefit compared to other devices that
can be interposed in day-to-day tasks, in addition to using
multiple sensors for the acquisition of different types of data,
which is not necessary in this approach because the same
purpose is achieved with a single source of acquisition,
obtaining the information required for the extraction of
features that allowed the classification of depressive patients.

1is paper is organized as follows: in Section 2 is detailed
described the materials used for the development of this
research, as well as the set of the stages of the methodology
proposed. 1en, Section 3 presents the results obtained.
Section 4 is referred to the discussion developed based on the
results previously, and finally, Section 5 shows the con-
clusions of this work.

2. Materials and Methods

1e methodology proposed in this research consists in five
main stages, shown in Figure 1. 1e data used for the de-
velopment of this work is acquired from the “Depresjon”
dataset (A). 1ese data are initially subjected to a data
preprocessing (B) step, in order to select the samples and
subjects for further analysis, to normalize the data, and to
eliminate missing values. 1en, the feature extraction (C) is
performed, obtaining temporal and frequency statistical
features, which are submitted to a feature selection (D) step,
using the genetic algorithm (GA) “Galgo.” Finally, the set of
selected features is evaluated, measuring its fitness in the
classification of controls and cases, based on a random forest
(RF) technique and a statistical analysis (E).

2.1. Data Description. 1e Depresjon dataset is a collection
of data that contains the motor activity of patients moni-
tored with an actigraph watch held on the right wrist. 1e
actigraph watch is called “Actiwatch” (model AW4), de-
veloped by Cambridge Neurotechnology Ltd, England. 1e
Actiwatch measures activity levels, and the sampling fre-
quency is 32Hz, recording movements over 0.05 g. Move-
ments equal a corresponding voltage, which is stored as an
activity count in the memory of the Actiwatch, and the
number of counts is proportional to the intensity of the
movement. 1e activity counts were recorded in intervals of
one minute.

1e database contains the data for the controls (absence
of depression, 32 subjects) and for the cases (presence of
depression, 23 subjects). 1e features collected for each
subject were divided in two categories, actigraph data
recorded over time and Montgomery Åsberg Depression
Rating Scale (MADRS) scores. 1e data collected over time
include the features “timestamp” (one minute intervals),
“date” (date of measurement), and “activity” (activity
measurement from the actigraph watch). In addition,
MADRS scores include the features “number” (patient
identifier), “day” (number of days of measurements),
“gender” (1: female/2: male), “age” (age in age groups),
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“afftype” (1: bipolar II, 2: unipolar depressive, and 3: bipolar
I), “melanch” (1: melancholia; 2: no melancholia), “in-
patient” (1: inpatient; 2: outpatient), “edu” (education
grouped in years), “marriage” (1: married or cohabiting; 2:
single), “work” (1: working or studying; 2: unemployed/sick
leave/pension), “madrs1” (MADRS score when measure-
ment started), and “madrs2” (MADRS when measurement
stopped) [28].

For this work only the features over time were used.

2.2. Data Preprocessing. 1e data preprocessing consists in
three main steps, the selection of samples and subjects, the
normalization of the data, and the elimination of incomplete
cases presented as NA (not available).

1e number of samples collected is not consistent,
differing in the number of minutes recorded for each subject,
so a selection of subjects and samples was made in order to
present a balanced amount of data referring to controls and
cases.1e selection of the samples is carried out keeping only
the first value of the 60 acquired data in the minutes
equivalent to one hour, counting now the activity in intervals
of one hour, whereas the selection of subjects depended on
the amount of data resulting from the selection of samples,
selecting the first four controls present in the dataset and the
first five cases. 1is number of subjects allows balance of the
number of samples for cases and controls.

1en, in the normalization, the data are adjusted in order
to obtain a normal distribution, presenting a mean� 1 and a
standard deviation� 0, and it is calculated with Equation (1),
where zi represents the normalized value, xi represents the
sample, µ is the mean of the total data, and σ is the standard
deviation of the total data:

zi �
xi − μ
σ

. (1)

Finally, the missing data are eliminated, removing all the
rows with presence of NAs, in order to avoid problems in the
subsequent analysis.

2.3. Feature Extraction. 1e feature extraction is performed
using two types of data, temporal and frequency data. 1e
temporal data are directly used from the time-dependent

Depresjon data, which were collected from the activity of the
subjects through the actigraph watch.

On the other hand, the frequency data are obtained
through the calculation of the Fourier transform of the time-
dependent Depresjon data.

1en, for each type of data, 14 statistical parameters are
extracted, presented in Table 1, obtaining a total of 38
features.

1e names of the features correspondent to the temporal
data are “tKurtosis,” “tSesgo,” “tQ01,” “tQ05,” “tQ25,”
“tQ75,” “tQ95,” “tQ99,” “tMedia,” “tSD,” “tVarianza,”
“tTrimMedia,” “tCV,” and “tICV,” while the names of the
features correspondent to the frequency data are “fKurtosis,”
“fSesgo,” “fQ01,” “fQ05,” “fQ25,” “fQ75,” “fQ95,” “fQ99,”
“fMedia,” “fSD,” “fVarianza,” “fTrimMedia,” “fCV,” and
“fICV.”

2.4. Feature Selection. In this stage, the 38 features extracted
are subjected to a feature selection based on a GA approach.
GAs are a stochastic strategy that has been widely used in the
analysis of data and they consist in a sequence of stages that
starts with a random set of models and develops good local
solutions reproducing the natural selection process using
measures such as (1) higher rate of replication of the more
accurate feature subsets, (2) mutation to generate different
chromosomes, and (3) crossover to improve the combina-
tions of the chromosomes.

A validation measure is calculated in combination
during the selection process, testing the sets of chromo-
somes, ensuring that the multivariate feature selection is
suitable. 1e aim of the GA is to minimize the score cal-
culated by the fitness function, converging then into a so-
lution, being therefore possible to select the most significant
predictive subset of n features [29].

For this work, the genetic algorithm “Galgo” is used.
Galgo is a package implemented under the R language,
which is oriented to select models with high fitness and to
analyze them, as well as for the reconstruction and char-
acterization of representative summary models.

1e procedure of Galgo begins with a random pop-
ulation of feature or gene subsets or chromosomes of a
defined size (n), which are assessed through a fitness
function for their ability to predict or classify the desirable
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Figure 1: Flowchart of the methodology followed.
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outcome or the dependent variable, obtaining a certain value
of accuracy. 1e classification methods that can be used in
the internal procedure of Galgo are k-nearest-neighbors,
discriminant functions, nearest centroid, support vector
machine, neural networks, and random forest.

1e main idea of the process is to replace the first
population with a new one, including variants of chromo-
somes that achieved a higher classification accuracy, and to
repeat this procedure until a desired accuracy is reached.1e
progressive changes of the chromosomes are performed
through a series of operators that simulate the process of
natural selection, selection, mutation, and crossover.

1e proportion of the solution space increases with the
evolution of independent chromosome populations in
partially isolated environments, known as niches, and
chromosomes can migrate from one niche to another, in
order to ensure the recombination of good solutions. A set of
niches is called world [30].

1is process is carried out in four main steps:

(i) First, the analysis is configured, specifying the input
and the outcome features, as well as a series of
parameters that will guide the behaviour of the
process, such as the classification model, the desired
accuracy, and the error estimation scheme, among
others.1e classificationmodel can be selected from
the implemented or can be defined by a function of
the user; while the error estimation can be defined in
two levels, with a training/test validation strategy
using variant random splits, and in the internal
training process using a k-fold cross-validation,
random splits, or re-substitution error.

(ii) 1en, the search of relevant multivariate models
begins with a random population of chromosomes
in each cycle of the procedure. 1e number of
chromosomes developed needs to be large enough
to ensure that the greatest amount of solutions was
found and to achieve this, two approaches are
designed to provide information of the chromo-
some composition, the level of convergence of the

solutions, and the evolution of the fitness values,
diagnosing the stability of the populations.

(iii) A refinement and analysis of the population of the
selected chromosomes is carried out, since not all
the genes included in the best chromosome may be
contributing in a significant way to the fitness value.
1erefore, a backward selection strategy is imple-
mented to obtain a model contained by genes that
significantly contribute to the accuracy of the result.

(iv) Finally, the development of a significant statistical
model is obtained from the population of the se-
lected chromosomes. For this step, a forward se-
lection strategy is included, and its operation is
based on a stepwise inclusion adding the most
frequent genes of the chromosome population.

1e configuration of the analysis for this study is
composed by 200 generations, five genes per chromosome, a
desired accuracy of 0.99, and “nearest centroid” as classi-
fication model, and an error estimation scheme was used a
cross-validation approach.

2.5. Classification Analysis. 1e classification analysis was
carried out through a RF method, looking for the classifi-
cation of subjects in two different states, depressed (labeled
as “1”) and not depressed (labeled as “0”).

RF is a machine learning technique that presents two
main approaches, classification and regression, and its
performance is based on decision trees. In the classification
option, RF provides estimators of a Bayes classifier,
f : R↦y, minimizing the error classification P(Y≠f(X)).

Roughly, an ensemble of trees grows, constructed with
random vectors that generate each of the trees, deciding the
class to which the data correspond by voting, where the
majority of the class votes determine the RF prediction. 1is
process causes that the generalization error merges to a
limiting value, thus improving the classification accuracy of
the system [31].

Specifically, the trees are created using a subset of
bootstrap samples with replacement, L1, . . . , Lntree (of a
training set L), known as a bagging approach, which means
that one same sample can be selected several times for the
classification analysis while the others samples may not be
selected.

Every decision tree is independently constructed without
any pruning, and each node is divided through a splitting
rule using a specific number of features, mtry, randomly
selected.

1e splitting rule is added to the estimators calculated
from the trees, represented as f1, . . . , fntree

. A response value
is subsequently obtained from the new point, which consists
in the construction of the following equation:

f(x) � argmax 1≤ c≤C 

ntree

k�1
1

fk(x)�c
. (2)

1e forest is growing up to a defined number of trees, ntree,
and by this step, the algorithm creates tree that present two

Table 1: Statistical features extracted from the temporal and fre-
quency data.

Feature Description
Mean μ � 1/n

n
i�1xi

Standard deviation sd �

������������������


N
i�1(xi − μ)2/(N− 1)



Variance sd2 � 1/n
n
i�1(xi − μ)2

Trimmed mean Mean with outliers trimmed
Coefficient of variation CV � sd/μ
Inverse coefficient of variation ICV � μ/sd
Kurtosis K � μ/σ
Skewness∗ S � (μ− υ)/σ
Quantiles∗: 1, 5, 25, 75, 95,
99% Q[i](p) � (1− cx[j] + cx[j + 1])

∗] represents the median value; 1 ≤ i ≤ 9; (j−m)/n ≤ p < (j−m+ 1)/n;
x[j] represents the jth order statistic; n represents the sample size; c is in
function of j and g, where j � floor(np + m) and g � np + m− j; and m
represents a constant determined by the sample quantile type.
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main characteristics, high variance and low bias. 1e final
classification decision is calculated through the arithmetic
mean of the class assignment probabilities of the total number
of trees.1en, an evaluation step is performed using a new set
of unlabelled data input with the decision trees developed in
the ensemble, giving each tree a vote for a class. 1e class that
collects the greatest number of votes is the one selected.

Around two thirds of the total samples are usually used
for the training of the trees, and they are referred as in− bag
samples; then, with the remaining one third samples, re-
ferred as out− of − the− bag samples, an internal cross-
validation is realized for the estimation of the model per-
formance [32].

1e estimation of this error is known as out-of-bag
(OOB) error. 1is value measures the misclassification
rate for the classification of the OOB samples. 1is means
that a feature, Xj, is important if when breaking the re-
lationship between Xj and Y, the error of the prediction
increases, and the error of the prediction in each tree, f, is
evaluated with the OOB sample using

R(f, L) �
1

|L|


i: Xi,Yi( )εL

1
f Xi( ≠Yi

.
(3)

It is important to note that according to literature, the
classification accuracy is less sensitive to ntree than to mtry;
therefore, since RF is a computationally efficient classifier
that does not present problems of overfitting, ntree can be a
number as large as possible. On the other hand, the mtry
parameter is usually defined by the square root of the total
number of input features [33].

For the development of this study, the number of trees
selected is ntree � 2000, and the number of features at each
split, mtry, is calculated according to the number of features
as ��

p
√ , with p being the number of features.

2.6. Validation. 1e validation stage is based on three pa-
rameters, the AUC as a single value quantity of the ROC
curve, specificity, and sensitivity.

1e ROC curve has been a widely used tool for the
evaluation of binary classification models since it presents a
series of characteristics that allow the correct interpretation
of the results, such as the intuitive visual interpretation of the
curve, easy comparison among multiple models, and the
AUC value [34].

1e calculation of the classifier’s performance through
the ROC curve provides a suitable operating point, called as
decision threshold, for the parameterization of the classi-
fication model.

A classification problem presents two possible outputs,
“correct” and “incorrect,” for each class of the model. An
orderly way to present this information is through a con-
fusion matrix, a table that shows the differences between the
real and the predicted classes. 1e values contained in a
confusion matrix are the true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN); besides,
the value of the row totals with the truly negatives (CN) and
truly positives (CP) examples, and the value of the column

totals with the predicted negative (RN) and the predicted
positive (RP) examples [35].

1e sensitivity is a parameter referred to as the ability to
correctly identify those data with a condition, and it is
calculated with the following equation:

sensitivity(1− β) �
Tp
Cp

. (4)

On the other hand, the specificity is a parameter referred
to as the ability to correctly identify those data without a
condition, and it is calculated with the following equation:

specificity(1− α) �
Tn
Cn

. (5)

Finally, the plotted values of the sensitivity and the
specificity in conjunction represent the decision threshold of
the ROC curve.1e AUC value of the curve can be calculated
through trapezoidal integration, as shown in the following
equation:

AUC � 
i

1− βi · Δα(  +
1
2

[Δ(1− β) · Δα], (6)

where Δ(1− β) � (1− βi)− (1 + βi−1) and Δα � αi + αi−1
[35].

All the analysis is carried out in “R” (version 3.4.4), a free
software environment designed for statistical computing
and graphics [36]. 1e libraries required for this analysis are
“Galgo” (version 1.2-01) [37], “pROC” (version 1.11.0) [38],
“e1071” (version 1.7-0) [39], “randomForest” (version 4.6-
14) [40], “caret” (version 6.0-79) [41], and “rminer” (version
1.4.2) [42].

3. Results

1e results of this research are presented in this section.
1rough the first step of this methodology, which was the
data acquisition, the number of subjects selected for the
subsequent analysis was five for cases and four for controls,
in order to balance the number of samples in both datasets.

1en, the feature extraction allowed collection of a series
of 38 statistical features, which of the total, 14 belong to the
time data and the remaining to the frequency data. It is
important to remind that the frequency data were calculated
through the Fourier transform of the time data.

For the third stage, a feature selection based on the GA,
Galgo, is carried out, obtaining a series of graphs that allow
observation of the performance of the data through the
development of the different models created in the evolution
of the algorithm. Figure 2 presents a graph of the frequency
percentage with which each feature appeared within the
different models developed, positioning each feature
according to its order of appearance, from highest to lowest,
where those features in black present the highest frequency
and those features in gray present the lowest. According to
this graph, the most significant features, according to their
appearance frequency, are “tCV,” “tQ99,” “fCV,” and
“tVarianza.” (Tables 2 and 3).
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1en, in Figure 3 is shown a graph of the fitness per-
formance throughout the evolution of the 200 generations of
the GA, where it is possible to observe that the average fitness
reaches a stable behaviour, with a value of around 0.63.

Figure 4 presents a heat map of the best chromosome
presented by the GA, contained by a model of five chro-
mosomes, “tCV,” “tQ25,” “tQ99,” “tICV,” and “tCV.”

1en, the best chromosome is subjected to a forward
selection step, where for each feature added to the model, its
average fitness was calculated, as shown in Figure 5.
According to this graph, the model reaches its best average
fitness, as well as stability, with three features, “tCV,” “tQ99,”
and “fCV.”

Finally, in Figure 6 is present a heat map of the final
model obtained through backward elimination step, con-
tained by two time features, “tCV” and “tQ99.”

In the classification analysis, a RF approach is used,
measuring the OOB error in order to know the accuracy
classification reached through the model selected in the

previous step. In Table 4 is present the confusion matrix
obtained through the classification of subjects using the total
set of features and the respective error values for each of the
classes. 1e OOB error obtained was of 26.95%. In Table 4 is
present the confusion matrix obtained through the classi-
fication of subjects using the best chromosome and the
respective error values for each of the classes.1e OOB error
obtained was of 30.52%. Finally, In Table 4 is present the
confusion matrix obtained through the classification of
subjects using the final model and the respective error values
for each of the classes. 1e OOB error obtained was of
35.97%.

For the last stage of this work, a validation step was
performed, calculating the ROC curves of the models, shown
in Figure 7, where in Figure 7(a) is present the ROC curve of
the model contained by the total features and its respective
AUC value, which obtained a sensitivity of 0.751 and a
specificity of 0.717. 1en, in Figure 7(b) is present the ROC
curve of the model contained by the best chromosome and
its respective AUC value, which obtained a sensitivity of
0.699 and a specificity of 0.694. Finally, in Figure 7(c) is
present the ROC curve of the model contained by the final
model and its respective AUC value, which obtained a
sensitivity of 0.684 and a specificity of 0.611.

4. Discussion

In this section, the results obtained are discussed. From the
total 38 statistical features extracted, a feature selection is
performed based in Galgo. Initially, Galgo developed the
graph shown in Figure 2, which provides the information of
the frequency with which the features are part of the dif-
ferent chromosomes developed, ordered by rank from
highest to lowest.

According to Figure 2, the four most significant features
or the features that presented the highest frequency were
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Figure 2: Graph of the frequency of appearance of the features within the models developed in the genetic algorithm, positioned from
higher to lower rank.

Table 2: Confusion matrix of the subjects classification based on
the RF approach using the complete set of features.

True
Predicted

Control Case Error
Control 819 326 0.284
Case 331 962 0.255

Table 3: Confusion matrix of the subjects classification based on
the RF approach using the best chromosome of the GA.

True
Predicted

Control Case Error
Control 774 371 0.324
Case 373 920 0.288
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those presented in black, of which three correspond to the
temporal features and one to the frequency features, which
means that temporal data are presenting more significant
information than frequency data for the classification of
subjects.

1en, in Figure 3 is shown a graph of the average fitness
behaviour through the different generations of the GA, being
possible to observe that the greatest change occurs at the
beginning of the graph, within the first 50 generations, where
the GA is in the process of finding the best combination of
genes to obtain a chromosome suitable for classification.
Subsequently, a relatively stable value is reached around
generation 80, obtaining an average fitness value of around
0.63 in the last generation.

At the end of the 200 generations, the best chromosome
obtained is presented in Figure 4, contained by the five
features presented in the heat map, of which four correspond
to the time features and the remaining corresponds to the
frequency features. 1e first feature of the best chromosome
corresponds to the frequency feature, “fCV”, referred to the
coefficient of variation (CV), which is related to the standard
deviation and the mean value, where the higher the value of
the standard deviation compared to themean, the higher will
be the CV and vice versa. 1is feature may imply that the
frequency data could be presenting significant variations
among its values between cases and controls, being able to
distinguish between both classes.

1e second feature is “tICV”, referred to the inverse
coefficient of variation (ICV), which may imply a similar
meaning than the feature “fCV”, where the time data can be
presenting significant information in the distribution of the
data that allows one to distinguish between depressed and
nondepressed subjects.

1en, there are present the features “tQ25” and “tQ99,”
which represent the 25 and the 99 quantiles, respectively.
Quantiles are points of regular intervals of the distribution
function of a random variable. 1erefore, these two features
may imply that, in these data intervals, the most significant
information or the greatest differences between both classes
are presented because taking into account that data on the
amount of activity carried out as a function of time are being
analyzed and that quantile data are arranged in ascending
order, it is possible that by comparing the variations in the
amount of activity correspondingly, that is, the greater ac-
tivity of depressed patients against the higher activity of
nondepressed patients, a difference is presented meaningful.

1e fifth feature is “tCV,” which represents the same as
“fCV” but with time data. 1is feature may imply that the
information of the physical activity of patients is presenting
differences in the standard deviation and the mean between
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Figure 4: Heat map of the best chromosome calculated by the
genetic algorithm.
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the two possible classes that provide support for the correct
classification.

On the other hand, in Figure 5 is presented a graph of the
behaviour of the average fitness when the features are
subjected to a forward selection step. For each feature that is
added to the model, the average fitness, the fitness of each
class, and the total fitness are measured, in order to know the
behaviour that the model has when including the in-
formation of the features and in this way to select the

adequate number of features, avoiding having nonsignificant
information. According to the graph, the model achieves
stability from the third feature, reaching an average fitness of
0.636.

1e last step of the feature selection consisted of a robust
gene back elimination (RGBE) step, in order to remove
redundant information, obtaining a final model contained
by two features, presented in the heat map of Figure 6. 1is
model is dependent on the mean, standard deviation, and
the 99 quantile values, which according to the previous steps,
these measures provide data that allow the classification of
the classes.

1en, a RF approach is used for the classification analysis,
comparing the OOB error obtained through three different
models: one model is contained by the total set of initial
features, and it obtained an OOB error of 26.95%; the second
model is contained by the features of the best chromosome
obtained with GA, and it obtained an OOB error of 30.52%;
and the third model is contained by the final model obtained
through the RGBE step, obtaining an OOB error of 35.97%.

1e OOB error values allow one to know the percentage
of data that was misclassified during the construction of the
decision trees that form the random forest, and as is possible
to observe, this value increases when the model contains less
features, presenting the lowest OOB error in the model
contained by the total set of features; nevertheless, even
when the final model presents an error 10% higher than the
first model, the percentage that is correctly classified remains
statistically significant. Besides, it is important to remark
that the number of features contained in the final model is
significantly smaller than that contained in the first model;
therefore, the information required for the classification is
much smaller, thus reducing the computational cost for the
analysis of the data.
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Figure 5: Graph of average fitness obtained through a forward selection.
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Figure 6: Heat map of the final chromosome obtained through a
robust gene back elimination.

Table 4: Confusion matrix of the subjects classification based on
the RF approach using the final model selected.

True
Predicted

Control Case Error
Control 690 455 0.397
Case 422 871 0.326

Mobile Information Systems 9



Also, from the validation that RF performs internally, a
series of confusion matrices were obtained in order to ex-
plain the OOB errors obtained. In Table 4 is present the true
positives (� 962) and true negatives (� 819), as well as the
error value for controls (� 0.284) and for cases (� 0.255), for
the model contained by the total set of features, where it is
shown that even when the error is higher for controls, both
classes present similar values in the classification error.
1en, Table 4 shows the true positives (� 920), true negatives
(� 774), error value for controls (� 0.324), and error value for
cases (� 0.288), obtained through the classification using the
best chromosome, where it is evident that the error values
increase for both classes; nevertheless, the classification
continues presenting a statistically significant aptitude even
though the quantity of features contained in the model was
reduced by around 86.84%. In Table 4 is present the true
positives (� 690) and true negatives (� 871), and the error
value for controls (� 0.397) and for cases (� 0.326), showing
that, evidently, by reducing the number of features of the
best chromosome, the error is increased again, especially for
controls, which may represent that the activity registered by
controls could be confused with the activity of cases in
specific moments of time, for example, in the hours of sleep.
In addition, could also be confused the time of greatest
activity for both classes when in the case of controls, physical
activity is not very energetic. However, this problem of
confusion in the classification can be solved by increasing
the number of samples in both classes, taking into account
that it is important that the training of the algorithms have a
balanced amount of data.

In the validation stage, the specificity and sensitivity
allowed support of the previous results, obtaining higher
values in the evaluation of sensitivity than in specificity,
although it is important to note that the results of the
validation presented significant values for the three models
evaluated.

1en, the ROC curve is calculated for each of the models,
as shown in Figure 7, where Figure 7(a) represents the curve
obtained using the total set of features, Figure 7(b) repre-
sents the curve obtained using the best chromosome, and
Figure 7(c) represents the curve obtained using the final
model, obtaining AUC values of 0.734 > 0.697 > 0.647,
respectively. 1e AUC value is reduced by decreasing the
number of features of the models; however, the difference

between the AUC of the model that contains 100% of the
features and the final model, which only contains 5.26% of
the features, is not representative taking into account that
the AUC remains statistically significant in the final model.
1erefore, the ability of the final model to classify cases from
controls remains significant despite the limited amount of
information used, thus benefiting the computational cost
necessary to carry out the classification.

Finally, in Table 5, a comparison between different
techniques based on the same approach is shown, collecting
data through actigraphy in order to identify depressed pa-
tients, where according to the results is possible to conclude
that all works present statistical significant results; however,
the complexity of the methodologies and the quantity of
characteristics related to different information used on each
research, as well as the information sources, are greater than
those proposed in this work, since it was only necessary the
extraction of a reduced set of statistical features from a
database collected by a single sensor from a small set of
patients, presenting as one of the main contributions the
simplicity of the experimentation made for the classification
of subjects with presence of depression obtaining statistically
significant results, in addition to presenting a lower com-
putational cost than that presented in the mentioned works
due to the small amount of data.

5. Conclusions

In this research is proposed a methodology composed by a
series of steps which mainly includes a feature selection, a
classification analysis, and a validation, in order to find the
relationship between a series of statistical features, based on
time and frequency continuous values acquired in a specific
time and the possible condition of depression.

It is important to remark that the number of subjects
allows one to obtain significant results; nevertheless, this
number of samples can be increased in order to mainly
improve the result of the true negatives, which presents
greater error than true positives. On the other hand, the
extracted statistical features show that the information they
contain provides a description of the main characteristics of
a patient’s full-day activity that allows differentiation be-
tween depressed and nondepressed subjects.
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Figure 7: ROC curves obtained using the (a) complete features, (b) best chromosome, and (c) final chromosome.
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1e feature selection through the GA provides a best
chromosome which is subsequently reduced to a model
contained by two features. 1ese two features are statis-
tical descriptors of temporary data that according to the
validation step, despite presenting a greater error in the
differentiation of cases and controls than if the whole set
of features is used, the results remain statistically sig-
nificant, thus allowing having a contained model with a
reduced amount of features that automatically classifies
depressed subjects of nondepressed subjects with signif-
icant fitness.

In addition, it is worth noting that one of the greatest
advantages of the model being significantly reduced is that it
is also reduced in its computational cost, making it easier to
access it, since it does not require specialized software or
hardware for its implementation.

Besides, one of the main benefits demonstrated in this
work is the values with high precision obtained through a
simple methodology using a single source of data, which in
comparison with other works, where it is necessary to use
more than one source for the data acquisition and a series of
different techniques for the classification analysis, this ap-
proach provides simplicity and statistically significant results
for less processing steps and computational cost.

1en, it is possible to conclude that the methodology
implemented in this study allows one to know that evidently,
there is an association between the recorded daily activity of
a patient and the condition of his depressive state. Besides,
the results obtained are sustained according to what is re-
ported in the literature, where among the symptoms pre-
sented by patients with depression is the slowness of
movement, poor body gesticulation, and the feeling of fa-
tigue, tending to show lower levels of activity than subjects
who do not have this condition.

1erefore, through this work is obtained a preliminary
tool for the possible support in the diagnosis of the spe-
cialists to know the state of health of a patient according to
his state of presence or absence of depression, based on the
level of activity he has in a full day.
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In recent years, there has been a technological revolution affecting all areas of life, including health. Following this trend, a series of
electronic devices called wearable technology have emerged with the aim of improving the quality of people’s life. 0ese devices
are made up of tools that help to prevent the development of chronic diseases and fight against the aging of society by monitoring
the vital signs of users. Despite the advantages of using these devices from medical and health points of view, it is necessary to
know the opinion of users regarding their use. For this reason, this study has been proposed.0e purpose of this study is to analyse
the perceptions of the subjects involved in the research regarding the acceptance of wearable devices, taking into account variables,
such as age and gender. To this end, a nonexperimental, ex post facto design has been composed that combines descriptive and
inferential techniques, with a sample of 606 patients and relatives belonging to a public health centre in the community of Madrid.

1. Introduction

Current households increasingly rely on consumer elec-
tronic devices which are intended both for leisure and for
improving daily housework. One type of technological de-
vice that is presently having a large impact is the wearable
device (wearable technology). According to Vijayalakshmi
et al. [1], in 2018, approximately 210 million units of
wearable devices were produced, amounting revenues of
more than USD 30 billion.

In recent years, the internet has passed through several
phases: the first focused on information, while the second
focused on people. However, different researchers predict
that a new phase will occur, the next decade being the In-
ternet of 0ings (IoT), in which there will be millions of
wearable devices (including medical devices) that use big
data and will be connected to the network in order to ex-
change data with one other [2, 3].

Raskovic et al. [4] and Yang et al. [5] define wearable
technology as a set of electronic devices (for example, smart
watches, sports shoes with built-in GPS, and wristbands
controlling the state of health) that are incorporated in some
parts of the body (for example, footwear, clothes, and smart
glasses) and interact continuously with the user in order to
perform a specific function. 0e launch of Google Glasses
and Apple’s Apple Watch has marked a turning point in the
incorporation of these technologies in the daily routines of
people. 0ey have become particularly useful in the fields of
medicine and health [6–8].

Health systems fight against the aging of the population
and the development of chronic diseases, which can be
prevented, such as hypertension, diabetes, and cardiovas-
cular diseases [9, 10]. In response to these challenges, a
multitude of researchers have found wearable technology
and health-related apps to be a possible solution to improve
the quality of people’s life [11–13]. In this way, Canhoto and
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Arp [14] affirm that wearable technology products can
provide highly accurate metrics regarding the vital condi-
tions of people. Consequently, users will be able to monitor
and access information concerning their health more easily
in order for physicians to both prevent diseases and help
people, collecting evidence and objective data for the
treatment of different types of diseases [15].

Due to the aging trend of the population of developed
countries, these wearable technologies will allow different
life situations of patients or elderly people to be monitored,
specifically in terms of the vital signs that guarantee their
health and well-being [16, 17]. For example, these devices
can measure a user’s heart rate, blood pressure, respiratory
function, and the level of calories burned during exercise and
steps walked, among other aspects [18, 19]. As Yetisen et al.
[13] state, medical data can be sent to a healthcare provider
to receive therapeutic feedback or can act automatically by
other devices in the network.

Despite the advantages of using wearable devices from
medical and health points of view, it is necessary to know the
opinion of users regarding the acceptance of these devices
according to medical use and prevention of future diseases
since there is currently little research that focuses on this
study problem. In order to broaden this issue, the present
study has been raised, objective of which is to analyse the
perceptions of the subjects involved in the research re-
garding the acceptance of wearable devices as health tools in
relation to their age and gender.

2. Theoretical Framework

2.1. Development of Instruments toMeasure the Acceptance of
Wearable Devices. Although the market for smart watches
and other wearable devices is rapidly increasing, estimates
show that current sales are still relatively low [20]. A lot of
research has focused on the acceptance of consumers of new
technologies and intelligent devices [21–23]. However, few
studies have been carried out so far to measure the level of
acceptance in the field of wearable health technologies.

For example, Chuah et al. [24] created a theoretical
instrument based on the technological acceptance of smart
watches. 0e instrument was completed by 226 students
from the University of Malaysia, where 77.9% were female
and the average age of the sample was 21.4 years. 0e in-
strument they created was composed of nine dimensions,
among which the following four components stand out:
perceived utility, ease of use, attitudes of use, and purchase
intention. Among the findings, the authors found that the
ease of use of smart watches is indirectly related to the
attitude towards the use of these wearable devices. 0e same
results regarding wearable technologies were found by Chae
[25] and Basoglu et al. [26].

Along the same lines, Dehghani et al. [27] developed an
instrument on the intentions of using wearable devices. To
do this, the authors used a sample of 385 users, who an-
swered a survey divided into six subdimensions, highlighting
the attractive aesthetic scale, operational comfort, use of
motivation, healthology, and intended use. 0e results
showed that the aesthetic appeal was positively related to the

intention of use, although the healthology dimension had no
significant effect on the intended use, which was in contrast
to the results obtained by Dehghani [28]. In addition, the
intended and continued use of these devices was positively
related to the actual use. Some of these findings are cor-
roborated by the studies of Rauschnabel and Ro [29] and
Chuah et al. [24], which determine that users see wearable
devices as fashion accessories and that this significantly
affects their intention to use them.

On the other hand, in recent years, new and increasingly
sophisticated online attacks have appeared in order to hack
the vulnerability of these technological devices and the
confidentiality of information in databases [30–32], and
different authors have investigated about it [33, 34]. For
instance, Das et al. [35] discovered privacy leaks in Bluetooth
activation between the exercise tracker and the smartphone,
including user tracking, user activity detection, and iden-
tification of people. In the same context, Langone et al. [36]
analysed the link between different wearable devices and
communication via Bluetooth, and they identified several
security problems in a set of commercial portable devices.

For this reason, any company or medical institution that
uses wearable devices to monitor and save medical pa-
rameters of its patients should seek solutions, together with
their creators, in order not to lose information and confi-
dentiality of use [37–39]. Different investigations have
analysed users’ perception about the possible loss of privacy
of their medical data when using wearable devices. For
example, Spagnolli et al. [40] and Wen et al. [41] claim that
privacy loss in sharing this data or the fact that someone can
access it significantly threatens the acceptance of their use.

On the other hand, it is necessary to consider the theory
of Ziefle and Wilkowska [21], who affirm that demographic
variables, such as age, can significantly bias the acceptance
and use made by patients of technological devices related to
health and medical care. Some scholars have already in-
vestigated this topic [42, 43].

For example, Arning and Ziefle [44] evaluated the
general attitude and confidence in the use of e-Health
technologies, using a sample of 52 university students and 52
adults. 0ey found that the adult group reported a signifi-
cantly more positive attitude towards e-Health technologies
than the younger group. However, contradictory findings
were found in the research of Röcker et al. [45], who de-
termined that older adults may be more resistant or un-
decided in adopting novel technological devices than young
adults due to different cultural, educational, and cultural
factors and previous experiences.

On the other hand, Rupp et al. [46] analysed, with a
sample of 103 participants in an age range of 18 to 83 years,
the motivation and confidence to use wearable technologies.
0us, they used different subdimensions, highlighting the
reliability and privacy of these types of software.0e authors
determined that age influenced usability. 0ey concluded
that older adults often had more difficulty than younger
adults learning the use of new technologies, which could
even lead to anxiety. Similar results have been found with
respect to mobile health services, with differences in the age
of the user groups analysed [10, 47, 48].
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Although the vast potential of these technologies to
know and even improve health seems obvious, it is very
interesting to find out to what extent certain variables, such
as gender, influence their acceptance of use. Zhang et al. [49]
conducted an investigation with 436 participants, where they
found significant differences between men and women. In
terms of the technical dimension, men valued it more
positively and even considered it irreplaceable, highlighting
their higher level of acceptance and the value of the device as
an innovative invention. In contrast, women considered its
usefulness most important when referring to the health
dimension. Other studies coincide with these results, where
women have a lower use attitude than men [24, 45, 50, 51].
On the contrary, Wu et al. [52] conducted a study involving
120 Amazon consumers. 0e results showed that, for men,
the attitude of use of portable technology was less favourable
than that for women, as also found in a workplace study by
Rooney et al. [53].

Other studies highlight the preference for one type of
device or another according to gender and age. According to
Arning and Ziegle [44], older women opted for blood
pressure metres, while younger women opted for home
robots. On the other hand, young men had significant
differences regarding the use of smart clothes, while the use
of such smart clothes was rejected by older men.

0ere is some research, on the other hand, which in-
dicates that the gender variable is not decisive for using
wearable devices since there are no significant differences in
use between men and women [54–56].

3. Methods

3.1. Design. 0is is a nonexperimental, ex post facto study
that combines descriptive and statistical techniques in order
to measure the perceptions of patients about their accep-
tance of wearable devices. 0e statistical measurement
techniques used have been the comparison of ranges
through the Mann–Whitney U test, the Pearson correlation
for quantitative variables, and Spearman correlation, when
one of these variables is ordinal, and the nonparametric
relation of discrete variables, the chi-squared test. 0e data
analyses were performed in SPSS v.24.

3.2. Participants. 0e sample is of nonprobabilistic nature,
intentionally. 0e collection of data was carried out in the
first quarter of 2018. 0e sample consisted of a total of 606
patients and relatives belonging to a public health centre in
the community of Madrid (Spain). 0e predominant gender
of the participants in the study was female (60.2%) compared
to 39.8% male. Regarding age, the sample obtained an av-
erage of 32 years, with a standard deviation of 10.55. In
addition, Table 1 shows the number of devices per gender
according to the part of the body where they prefer to wear
the wearable device. It is observed that both sexes prefer on
the wrist, followed by hanging on clothes.

3.3. Procedure. In order to collect data on patients and
relatives, the researchers visited the public health centre for a

four-week period. 0e instrument was completed by all
patients who were willing to fill it out at the door of the
hospital, guaranteeing anonymity in the data processing.0e
database of the questionnaires was developed through
Google Forms, where a digital tablet was used to fill out the
surveys and, in this way, streamline the collection of data.

3.4. Instrument. An instrument has been developed to
measure the perceptions and the patients’ level of acceptance
regarding the use of wearable devices to monitor health. 0e
first section included demographic variables and general
questions related to wearable devices. 0e instrument was
composed of five dimensions. 0e first dimension was focused
on the utility of using wearable devices and was composed of
two items (maximum 10 points); the second dimension was
focused on the comfort of wearing these devices on the body or
clothes and was composed of three items (maximum 15
points); the third dimension was focused on feelings and
emotions when using wearable devices and included five items
(maximum 25 points); the fourth dimension was related to the
safety and reliability of such devices and included two items
(maximum 10 points); and the last dimension was related to
the intentions of use and included three items (maximum 15
points). In total, the instrument consisted of 15 items where a
Likert scale of five points of valuation was used, where value
one represented “totally disagree” and five represented “totally
agree” (maximum 75 points).

In addition, the psychometric properties of the ques-
tionnaire used for this investigation were analysed through
reliability by internal consistency (Cronbach’s α), where the
parameters obtained were α� 0.82 (instrument total),
α� 0.77 (utility), α� 0.82 (comfort), α� 0.34 (emotions),
α� 0.77 (intentions to use), and α� 0.56 (privacy and
reliability).

Regarding the variance, an exploratory factorial analysis
(EFA) of the main axis with oblimin rotation was carried
out. 0e results obtained with the sample adequacy index
(KMO) was 0.879 and the Bartlet sphericity test was sig-
nificant (sig� 0.001), indicating that the correlation matrix
exceeds the conditions for performing this analysis. It has
been found that the five factors explain 68.91% of the total
variance.

For the confirmatory factorial analysis (CFA), several
indices recommended by Brown [57] have been considered,
which are shown in Table 2: the values for the statistical
adjustment minimum discrepancy/degrees of freedom

Table 1: Number of devices per gender according to the part of the
body where they prefer to wear the wearable device.

Gender
Total

Male Female

Where would you
prefer to hang
these devices?

Wrist 161 225 386
Hanging clothes 37 41 78

Integrated in clothes 17 51 68
Smart glasses 19 19 38

Shoes 13 23 36
Total 247 359 606
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(CMIN/DF), incremental adjustment index (IFI), compar-
ative adjustment index (CFI), and the average square root of
the approach error (RMSEA).

In addition, it has been observed how the different
subdimensions are correlated with each other, determining a
good fit of the model [58], noting those that are related to the
intention to use wearable devices: utility: intentions of use
(r� 0.75); design: intentions of use (r� 0.72); privacy: in-
tentions of use (r� 0.72); feelings: intentions of use
(r� 0.44). 0e structure of the CFA is available in the ap-
pendix showing the correlations between the different di-
mensions (Figure 1).

4. Analysis of the Results

4.1. Exploratory Data Analysis. Figures 2(a) and 2(b) show
the results obtained after carrying out the exploratory
analysis of the data in relation to the acceptance level based
on the place of the body where the participants would like to
wear them (Figure 2(a)) and according to the purpose for
which they would be used according to gender (Figure 2(b)).

In Figure 2(a), it can be seen that men’s acceptance level
in relation to the location or position of the wearable device
on the body is higher than the acceptance level of women. It
is noteworthy that, generally, both men and women prefer to
wear these devices on the wrists (52.71% of men and 50.19%
of women). In addition, the level of significance is less than
0.05 (χ2 �10.245, gl� 4, sig.� 0.037), so the H0 is rejected;
that is, the place where the device is worn according to sex is
significant.

In terms of the level of acceptance in relation to the
purpose of use, the percentages of men are greater in all the
options proposed (Figure 2(b)), except in “others,” where
women usually use wearable devices for different purposes
than those proposed (53.77% of women versus 48.33% of
men). In the other options of use, men have higher scores than
women: in the use to be fashionable, for example, men scored
48.83%, while women scored 44%. Regarding the purpose of
keeping medical information, the percentage of males
(51.80%) was higher than that of females (48.95%). Further-
more, since the level of significance is less than 0.05 (χ2�

13.118, gl� 4, sig.� 0.011), the H0 is rejected, so the propor-
tion of men and women with respect to the purpose of using
wearable devices is different between the different options.

As can be seen in Figure 3(a), the acceptance level of
wearable devices for men is higher than that for women,
regardless of their employment status, except in the case of
the unemployed, whereby both men and women obtained
very similar scores (men 49.44% and women 48.39%). On
the other hand, male retirees have a higher level of accep-
tance than female retirees.

According to the age ranges, people under 30 have a
greater number of devices (Figure 3(b)), regardless of
whether they are men or women, although women have a

greater number of devices at home. 0e level of significance
is lower than 0.05 (χ2 �14.325, gl� 3, sig.� 0.002), so the H0
is rejected; that is, the proportion of men and women re-
garding the number of wearable devices they have at home is
different, taking into consideration three categories (one
device, two devices, and more than three devices).

4.2. Analysis of Patients’ Attitudes regarding the Acceptance of
Wearable Devices. Tables 3–8 show the descriptive pa-
rameters obtained in each of the items that make up each
dimension of the instrument, as well as the total values of the
dimensions, including the mean (M), standard deviation
(SD), asymmetry (A), kurtosis (K), and the correlation of age
(r) in the different dimensions of the questionnaire, as well as
the difference of ranks in order to check whether there are
any statistically significant differences with respect to gender
and its effect size calculated by Cohen (d). In this study,
when the data were not fulfilled with the assumption of
normality, nonparametric statistics were used, specifically
the Mann–Whitney U test.

Table 3 shows how the total attitude towards the usefulness
of wearable devices is medium high (M� 6.88), being slightly
higher for males (M� 7.13) compared to females (M� 6.70).
Specifically, the participants in the study perceive these devices
as more useful to control/care for the health of elderly people
(people with heart problems and hypertension (item 2,
M� 3.59) versus utility for themselves (item 1, M� 3.29)).
Regarding gender, significant differences have been found in
this dimension (sig. 0.015). In terms of how age affects the
perceptions of patients about the usefulness of wearable de-
vices in their daily life, there is a significant effect in both
genders towards total utility, with a small correlation (r�

−0.168); that is, the coefficient of determination (R2) de-
termines that the age variable represents 2.8% of the variability
of the utility dimension of wearable devices (R2� 0.028).

Table 4 includes data on the attitudes of patients and
family members regarding the convenience of using wear-
able devices. 0e total assessment of this dimension is
medium high (M� 9.49), being practically the same average
for both genders.0e least valued item has been the design of
these devices (item 2), since the participants in the study
have an average of M� 2.97, with a lower score in women
(M� 2.84) than in men (M� 3.15). Regarding gender, sig-
nificant differences have been found in this dimension (sig.
0.021), while in terms of how age affects perception of the
ease of use of these devices, there is a significant effect in both
genders, although the correlation is small (r�−0.186); that
is, the coefficient of determination (R2) determines that the
age variable represents 3.4% of the variability of the comfort-
of-use dimension of wearable devices (R2 � 0.034).

Table 5 presents the results obtained in relation to the
dimension feelings and emotions when using wearable
devices. 0e results show a high total valuation on this
dimension (M� 18.46), not appreciating differences
according to gender. 0e least valued item was item 3 of this
dimension, related to the fear of providing information to
the family doctor regarding health status through wearable
devices (M� 2.50), placing the fair value at half the scale.

Table 2: Confirmatory factor analysis indexes in the model.

χ2SB gl p CMIN IFI CFI RMSEA NFI
448.067 83 <0.000 5.39 0.895 0.895 0.085 0.875
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Item 1 was the most valued, related to the anxiety/burden
that can occur when using this type of device for the first
time (M� 4.40). 0e same score was achieved for both men
and women. Regarding gender, no significant differences

were found in this dimension (sig 0.654). In terms of how
age affects perception with respect to feelings of use of
wearable devices, the correlation is zero; that is, the age
variable does not affect perceptions related to feelings and
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Figure 2: (a) Acceptance level according to gender and depending on the place of the human body. (b) Level of acceptance according to
gender and according to the purpose of use.
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Table 3: Attitudes about the utility of using wearable devices.

Gender M SD A K Age (r)
Kolmogórov–Smirnov Mann–Whitney U
KS gl Sig. Sig. d (Cohen)

Item 1
Male 3.46 1.23 −0.38 −0.71 −0.186∗∗ 0.160 247 0.001

0.003 0.235Female 3.17 1.24 −0.06 −0.97 −0.171∗∗ 0.155 359 0.001
Total 3.29 1.24 −0.18 −0.92 −0.172∗∗ 0.156 606 0.001

Item 2
Male 3.67 1.21 −0.46 −0.83 −0.126∗ 0.204 247 0.001

0.146 —Female 3.53 1.18 −0.35 −0.79 −0.137∗∗ 0.168 359 0.001
Total 3.59 1.20 −0.39 −0.82 −0.130∗∗ 0.179 606 0.001

Total
Male 7.13 2.22 −0.35 −0.79 −0.172∗∗ 0.151 247 0.001

0.015 0.197Female 6.70 2.18 −0.16 −0.85 −0.172∗∗ 0.129 359 0.001
Total 6.88 2.20 −0.23 −0.85 −0.168∗∗ 0.138 606 0.001

0e correlation is significant at the ∗∗0.01 and ∗0.05 levels.
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Figure 3: (a) Level of acceptance according to gender and depending on employment situation. (b) Cumulative number of devices
according to gender and age ranges.

Table 4: Attitudes about the comfort of using wearable devices.

Gender M SD A K Age (r)
Kolmogórov–Smirnov Mann–Whitney U
KS gl Sig. Sig. d (Cohen)

Item 1
Male 3.34 1.18 −0.16 −0.87 −0.142∗ 0.166 247 0.001

0.409 —Female 3.26 1.16 −0.08 −0.88 −0.131∗ 0.165 359 0.001
Total 3.29 1.17 −0.11 −0.88 −0.134∗∗ 0.166 606 0.001

Item 2
Male 3.15 1.29 −0.13 −1.02 −0.250∗∗ 0.155 247 0.001

0.004 0.229Female 2.84 1.30 0.18 −1.03 −0.144∗∗ 0.164 359 0.001
Total 2.97 1.31 0.05 −1.10 −0.186∗∗ 0.150 606 0.001

Item 3
Male 3.37 1.24 −0.28 −0.88 −0.154∗ 0.169 247 0.001

0.018 0.188Female 3.14 1.20 −0.04 −0.93 −0.143∗∗ 0.159 359 0.001
Total 3.23 1.22 −0.13 −0.93 −0.144∗∗ 0.163 606 0.001

Total
Male 9.85 3.21 −0.13 −0.85 −0.233∗∗ 0.092 247 0.001

0.021 0.188Female 9.24 3.11 0.02 −0.79 −0.155∗∗ 0.087 359 0.001
Total 9.49 3.17 −0.04 −0.83 −0.186∗∗ 0.083 606 0.001

0e correlation is significant at the ∗∗0.01 and ∗0.05 levels.
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Table 5: Attitudes about feelings and emotions when using wearable devices.

Gender M SD A K Age (r)
Kolmogórov–Smirnov Mann–WhitneyU
KS gl Sig. Sig. d

Item 1
Male 4.30 0.97 −1.46 1.69 −0.054 0.327 247 0.001

0.610 —Female 4.30 1.05 −1.50 1.52 −0.124∗ 0.351 359 0.001
Total 4.40 1.02 −1.49 1.59 −0.095∗ 0.341 606 0.001

Item 2
Male 4.05 1.09 −0.99 0.17 −0.041 0.260 247 0.001

0.124 —Female 3.92 1.08 −0.71 −0.34 −0.116∗ 0.235 359 0.001
Total 3.97 1.09 −0.82 −0.17 −0.083∗ 0.245 606 0.001

Item 3
Male 2.47 1.20 0.37 −0.83 −0.045 0.181 247 0.001

0.0708 —Female 2.53 1.27 0.51 −0.72 0.020 0.205 359 0.001
Total 2.50 1.24 0.46 −0.75 −0.008 0.195 606 0.001

Item 4
Male 4.27 0.97 −1.24 0.83 −0.021 0.325 247 0.001

0.427 —Female 4.18 1.07 −1.24 0.78 −0.040 0.308 359 0.001
Total 4.22 1.03 −1.25 0.84 −0.031 0.314 606 0.001

Item 5
Male 3.46 1.21 −0.33 −0.81 0.075 0.174 247 0.001

0.795 —Female 3.48 1.21 −0.48 −0.69 0.025 0.222 359 0.001
Total 3.47 1.21 −0.42 −0.74 0.046 0.203 606 0.001

Total
Male 18.55 2.93 −0.52 0.26 −0.029 0.132 247 0.001

0.654 —Female 18.40 2.95 −0.68 0.47 −0.073 0.122 359 0.001
Total 18.46 2.94 −0.62 0.38 −0.055 0.125 606 0.001

0e correlation is significant at the ∗∗0.01 and ∗0.05 levels.

Table 6: Attitudes about the privacy and reliability of wearable devices.

Gender M SD A K Age (r)
Kolmogórov–Smirnov Mann–Whitney U
KS gl Sig. Sig. d

Item 1
Male 3.01 1.09 −0.10 −0.67 −0.193∗∗ 0.176 247 0.001

0.008 0.208Female 2.79 0.96 0.13 −0.42 −0.077 0.191 359 0.001
Total 2.88 1.03 0.05 −0.56 −0.124∗∗ 0.182 606 0.001

Item 2
Male 3.37 1.22 −0.43 −0.74 −0.048 0.216 247 0.001

0.005 0.222Female 3.10 1.25 −0.05 −0.98 −0.098 0.153 359 0.001
Total 3.21 1.25 −0.20 −0.94 −0.076 0.179 606 0.001

Total
Male 6.38 1.94 −0.17 −0.58 −0.122 0.118 247 0.001

0.001 0.259Female 5.89 1.85 0.09 −0.58 −0.104∗ 0.105 359 0.001
Total 6.09 1.91 0.00 −0.62 −0.107∗∗ 0.103 606 0.001

0e correlation is significant at the ∗∗0.01 and ∗0.05 levels.

Table 7: Attitudes about the intended use.

Gender M SD A K Age (r)
Kolmogórov–Smirnov Mann–Whitney U
KS gl Sig. Sig. d

Item 1
Male 3.23 1.25 −0.27 −0.95 −0.221∗∗ 0.187 247 0.001

0.001 0.257Female 2.99 1.23 −0.01 −0.90 −0.122∗ 0.156 359 0.001
Total 3.13 1.25 −0.11 −0.96 −0.160∗ 0.158 606 0.001

Item 2
Male 3.58 1.40 −0.49 −1.08 −0.177 0.231 247 0.001

0.001 0.311Female 3.13 1.39 −0.02 −1.24 −0.093 0.158 359 0.001
Total 3.31 1.41 −0.20 −1.26 −0.105∗∗ 0.188 606 0.001

Item 3
Male 2.65 1.37 0.35 −1.07 −0.130∗ 0.182 247 0.001

0.001 0.207Female 2.35 1.25 0.62 −0.58 −0.029 0.196 359 0.001
Total 2.47 1.30 0.51 −0.82 −0.072 0.191 606 0.001

Total
Male 9.55 3.31 −0.14 −0.90 −0.179∗∗ 0.085 247 0.001

0.001 0.321Female 8.47 3.19 0.13 −0.66 −0.104∗ 0.082 359 0.001
Total 8.91 3.28 0.04 −0.81 −0.134∗∗ 0.078 606 0.001

0e correlation is significant at the ∗∗0.01 and ∗0.05 levels.
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emotions of patients about the acceptance of wearable de-
vices, as their opinions were unanimous in all age ranges.

Table 6 analyses the perceptions of the research par-
ticipants regarding the privacy of users when using these
devices and the reliability of the software. It can be seen how
this dimension has a medium global assessment (M� 6.09).
It was slightly higher for males (M� 6.38) compared to
females (M� 5.89), meaning therefore that there were sig-
nificant differences in this dimension with respect to gender
(sig. 0.001).

Regarding how age affects the perception of the re-
spondents about the privacy and reliability of the software, it
can be observed that there is a significant effect on both
genders towards the perception of use, with a small corre-
lation (r�−0.107); that is, the coefficient of determination
(R2) determines that the age variable represents 1.14% of the
variability of this dimension (R2 � 0.01).

Table 7 shows how the intentions of use of patients and
family members on wearable devices in general terms of the
dimension are medium high (M� 8.91). Specifically, it can be
observed that users feel that they would be quite motivated to
use wearable devices if they obtained a good performance
when monitoring the vital signs of their physical exercises
(M � 3.13). Regarding the purchase option, it can be ob-
served that users would accept buying these devices to
improve their quality of life if they were cheaper and af-
fordable at their salary (M � 3.31). In addition, users do not
show themselves willing to let themselves be carried away
and bought by the opinion of others when buying wearable
devices since the average obtained in item 3 is average
(M � 2.65). Regarding gender, it can be observed that there
are statistically significant differences with respect to the
intention of use (sig. � 0.001). Regarding age, it is clear that
there is a negative correlation with respect to the intention
to use and buy (r �−0.134; results that coincide with
Figure 3(b)). 0erefore, the age variable would explain
1.15% of this dimension.

On the other hand, the variance of the variable ac-
ceptance of wearables (dependent variable, DV) is ana-
lysed. To do this, it is taken into account as independent
variables (IV): number of wearable devices (one, two, and
more than two); part of the body where the device is
carried; age of the sample (under 30 years, between 30 and
45 years, and over 45 years); interest in wearable devices
(much, little, and nothing). 0e Levene equality test de-
termined that the variances of error in the RV were dif-
ferent between groups (sig. 0.002); therefore, a contrast of
means was made by Bonferroni. Partial eta-square (η) was

calculated to determine the size of the effect. According to
Richardson [59], the partial eta-squared values of ap-
proximately 0.01, 0.06, and 0.14 indicate small, medium,
and large effects, respectively.

Table 8 shows how the corrected model determines that
it is significant (sig. 0.001), presenting a large effect size
(η� 0.468). 0at is, the model proposed with the different
independent variables used explains 35.2% of the variance of
the variable acceptance of wearables. In addition, it is ob-
served how the variable number of devices presents a sig-
nificant level in the proposed model, with an effect size of
0.872; the variable part of the body where the device is worn
is significant with an effect size of 0.037; the age range is also
significant, with a small effect size (η� 0.015); the interest in
wearable devices is also significant with a large effect size
(η� 0.048), as well as the interception number of devices ∗
body part (η� 0.058).

5. Discussions

0e goal of this research is to analyse the perceptions of the
subjects involved in the research regarding the acceptance
of wearable devices as health tools in relation to their age
and gender. When analysing the data of this study, we can
see how men have a higher level of acceptance of the use of
wearable devices according to their location. 0ere are also
gender differences in relation to the purpose of use, with
men showing a greater level of acceptance based on their
work situation, as well as significant differences according
to age. 0e only exception is in the case of women under
30 years of age, who have a greater number of wearable
devices in home than men. It is also noteworthy that
women over 45 years are those with the lowest level of
acceptance of use of these devices. 0is is confirmed by the
results obtained by Arning and Ziefle [44] who emphasized
that the older the woman, the less health devices they said
they used.

0ese data are contrary to those obtained by Wu et al.
[52] and Rooney et al. [53], who affirm that men have a lower
perception of use than women regarding the use of wearable
devices. On the other hand, the studies of Duval and
Hashizumo [50], Röchker et al. [45], Chuah et al. [24], and
Whitehead et al. [51] are corroborated since in general terms
women had lower perceptions than men.

All the dimensions analysed in this study have obtained
a medium or high average rating. 0is may be the result of
a positive perception of the patients and family members
involved in the study regarding the advantages and

Table 8: Analysis of the variance (ANOVA) of the acceptance of wearables.

Source Type III sum of squares df Mean square F Sig. Partial eta-square
Corrected model 26185.603a 108 242.459 4.041 0.001 0.468
Intercept 202671.885 1 202671.885 3378.109 0.001 0.872
Number of devices 1186.873 3 395.624 6.594 0.001 0.038
Body part 1140.518 4 285.130 4.753 0.001 0.037
Age intervals 444.255 2 222.127 3.702 0.025 0.015
Interest in wearable devices 1514.057 2 757.028 12.618 0.001 0.048
Number of devices∗ body part 1827.908 12 152.326 2.539 0.003 0.058
aR2 � 0.468 (adjusted R2 � 0.352).
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usefulness of these devices, but this perception does not
have to be positively related to actual use, according to the
results of Dehghani et al. [27]. Similarly, the age variable
significantly influences all dimensions, except in the di-
mension of feelings and emotions. Although it is true that
the age variable explains a very small percentage of the
variability of the dependent variable, they are significant
values to be taken into account. 0us, they corroborate the
results of Ziefle and Wilkowska [21], Xue et al. [42], Guo
et al. [43], and Deng [60] since age can significantly affect
the acceptance and use of technological devices related to
health and medical care.

In this study, the physical attractiveness of wearable
devices, included in the design and comfort dimension, is
positively related to the intention of use, supporting the
data obtained by Dehghani et al. [27] and Dehghani [28].
0is implies that the use of these devices is influenced by
fashions and is not focused on their use as a real concern
for health issues. 0is theory is supported by Rauschnabel
and Ro [29] and Chuah et al. [24] since, according to their
studies, wearable devices are fashion accessories, which
significantly affects the intention of use.

0e privacy and reliability of the use of software has a
global average rating, being higher in men than in women,
which implies that, as in the studies of Spagnolli et al. [40]
andWen et al. [41], the loss of privacy harms acceptance of
use, especially more in women than in men. 0erefore,
according to different authors, it is necessary to focus on
increasing confidentiality and the avoidance of possible
hacks to lose information [37]. One of the possible so-
lutions to introduce this identification and authentication
could be biometric science, specifically facial authentica-
tion [61]. 0rough authentication servers, users are
identified and authenticated and then can access the
system. 0is could offer a new way to improve attacks on
internet networks [62, 63]. In order to achieve this, it
would be necessary to create a logical security system with
barriers and procedures that allow any computer attack on
the network of networks to be stopped.

6. Conclusions

Nowadays, according to Swan [2] and Hänsel [3], the
technological revolution has evolved to such an extent that
we are now in the so-called Internet of 0ings decade, and
new technological devices, such as wearable devices, have
emerged along these lines to improve the quality of
people’s life [11–13]. However, there are still few studies
that corroborate the advantages of these devices in the field
of health [21–23]. 0erefore, the importance of conducting
research on the perceptions of patients and family
members regarding the acceptance of wearable devices as
health tools has been analysed in relation to the age and
gender of participants.

In general terms, it can be concluded that although
men still have a greater interest in technologies, this
interest is also increasing in young women. 0is may be
due to the fact that, in recent years, women are becoming
more visible in all areas of life, both public and private

and thus, their acceptance and use of new technologies is
growing.

Although the perception of the use of wearable devices is
positive, it does not have to be related to actual use, which
can be influenced by age, since technologies advance at a
dizzying pace, which in many cases, the population cannot
continue, besides being a question of trends or “fashions.”

Privacy is another fundamental issue for the use of such
devices, as there is no excessive confidence on the part of the
population regarding the confidentiality of the data and fears
that may be caused by the lack of knowledge of device
wearables.

0e main limitation of this study has been that the
information has not been differentiated between family
members and patients. 0is may show a bias in the study
because there may be exogenous factors that affect internal
validity. 0erefore, it would be interesting to analyse the
results of one group and the other subjects independently
since both can provide interesting information.

In addition to conducting the study by differentiating
the constituent subjects of the sample, future research
could also involve the carrying out of a parallel study
where a control group and an experimental group are
selected, with a phase of training and awareness about
wearable devices, in order to identify any differences be-
tween the two research groups. It would also be interesting
to analyse the influence of other variables, such as whether
they do any sports or whether they are smokers. Another
possible line of research could be to control other types of
factors, such as how loyalty to a certain brand of tech-
nological devices, such as Apple, influences perception
regarding the use of wearable devices [64, 65].

Appendix

Instrument Items: Attitudes towards Wearable
Devices in Medical Health

Utility dimension:
(1) I consider that wearable devices are useful for the

care of my health (measuring pulsations, body
temperature, and sleep cycles).

(2) 0ey are useful for controlling/caring for the health
of the elderly (people with heart problems, hy-
pertension, etc.).
Comfort Dimension

(3) Health applications on wearable devices seem easy
to learn how to use.

(4) I consider the design of wearable devices to be elegant.
(5) I think they are comfortable to wear and do not

disturb.
Feelings and Emotions dimension:

(6) I do not think that using wearable devices for the
first time is going to produce feelings of anxiety or
overwhelmingness.

(7) I think they are entertaining due to the multitude of
health and medical apps that can be used.
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(8) I would not be afraid to provide information about
my health status monitored in wearable devices to
my general practitioner.

(9) I consider that I will not feel strange when wearing
this type of device on the body.

(10) I believe that older people/adults would not like to
wear these devices on the body, for example, to
monitor their heart rate and its vital signs.
Privacy dimension:

(11) I consider that they are reliable devices (they
measure correctly).

(12) Being devices that help to control and prevent
diseases or health problems, I do not mind sharing
this confidential information.
Intention Dimension

(13) My motivation in using these devices would in-
crease if I obtained a healthier life rhythm when
doing physical exercise.

(14) If wearable devices were more economically af-
fordable, I would buy them.

(15) If most people in my immediate environment used
it, I would be more inclined to use it.

Data Availability

0e data used to support the findings of this study are in-
cluded within the supplementary information file.

Conflicts of Interest

0e authors declare that there are no conflicts of interest
regarding the publication of this paper.

Supplementary Materials

0eSPSS document “data” contain the information collected
from patients and physicians about their perceptions to-
wards wearable devices. 0e file contains 21 items about the
demographic questions as well as the questionnaire items. In
addition, the file has the blocks of each dimension which
have been calculated from the sum of the items that make up
each block. (Supplementary Materials)

References

[1] K. Vijayalakshmi, S. Uma, R. Bhuvanya, and A. Suresh, “A
demand for wearable devices in healthcare,” International
Journal of Engineering and Technology, vol. 7, no. 1–7, pp. 1–4,
2018.

[2] M. Swan, “Sensor mania! the internet of things, wearable
computing, objective metrics, and the quantified self 2.0,”
Journal of Sensor and Actuator Networks, vol. 1, no. 3,
pp. 217–253, 2012.

[3] K. Hänsel, N. Wilde, H. Haddadi, and A. Alomainy, “Chal-
lenges with current wearable technology in monitoring health
data and providing positive behavioural support,” in Pro-
ceedings of the 5th EAI International Conference on Wireless
Mobile Communication and Healthcare, pp. 158–161, ICST

(Institute for Computer Sciences, Social-Informatics and
Telecommunications Engineering), London, UK, October
2015.

[4] D. Raskovic, T. Martin, and E. Jovanov, “Medical monitoring
applications for wearable computing,” Computer Journal,
vol. 47, no. 4, pp. 495–504, 2004.

[5] H. Yang, J. Yu, H. Zo, and M. Choi, “User acceptance of
wearable devices: an extended perspective of perceived value,”
Telematics and Informatics, vol. 33, no. 2, pp. 256–269, 2016.

[6] S. Horng, P. S. Porter, and K. Samani, “Emergency providers
see big potential for Google Glass,” ED Management, vol. 26,
no. 5, pp. 55–58, 2014.

[7] T. D. Aungst and T. L. Lewis, “Potential uses of wearable
technology in medicine: lessons learnt from Google Glass,”
International Journal of Clinical Practice, vol. 69, no. 10,
pp. 1179–1183, 2015.

[8] A. Khushhal, S. Nichols, W. Evans et al., “Validity and re-
liability of the Apple watch for measuring heart rate during
exercise,” Sports Medicine International Open, vol. 1, no. 6,
pp. E206–E211, 2017.

[9] D. E. Bloom, E. Cafiero, E. Jané-Llopis et al., =e Global
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of Healthcare Quality Research, vol. 33, no. 4, pp. 225–233,
2018.

[57] T. A. Brown, Confirmatory Factor Analysis for Applied Re-
search, Guilford Publications, New York, NY, USA, 2014.

[58] P. Barrett, “Structural equation modelling: adjudging model
fit,” Personality and Individual differences, vol. 42, no. 5,
pp. 815–824, 2007.

[59] J. T. E. Richardson, “Eta squared and partial eta squared as
measures of effect size in educational research,” Educational
Research Review, vol. 6, no. 2, pp. 135–147, 2011.

[60] Z. Deng, “Understanding public users’ adoption of mobile
health service,” International Journal of Mobile Communi-
cations, vol. 11, no. 4, pp. 351–373, 2013.

[61] J. Valera, J. Valera, and Y. Gelogo, “A review on facial rec-
ognition for online learning authentication,” in Proceedings of
2015 8th International Conference on Bio-Science and Bio-
Technology (BSBT), Jeju Island, South Korea, pp. 16-19, 2015.

[62] K. Niinuma, U. Park, and A. K. Jain, “Soft biometric traits for
continuous user authentication,” IEEE Transactions on in-
formation forensics and security, vol. 5, no. 4, pp. 771–780,
2010.

[63] A. A. Pawle and V. P. Pawar, “Face recognition system (FRS)
on cloud computing for user authentication,” International
Journal of Soft Computing and Engineering (IJSCE), vol. 3,
no. 4, pp. 189–192, 2013.

[64] S. Belaid and A. Temessek Behi, “0e role of attachment in
building consumer-brand relationships: an empirical in-
vestigation in the utilitarian consumption context,” Journal of
Product & Brand Management, vol. 20, no. 1, pp. 37–47, 2011.

[65] R. Batra, A. Ahuvia, and R. P. Bagozzi, “Brand love,” Journal of
marketing, vol. 76, no. 2, pp. 1–16, 2012.

12 Mobile Information Systems

https://www.arch.ie/wp-content/uploads/2016/07/Mental-Health-Technology-Whitepaper-6th-april.pdf
https://www.arch.ie/wp-content/uploads/2016/07/Mental-Health-Technology-Whitepaper-6th-april.pdf


Research Article
An Integrated SEM-Neural Network Approach for Predicting
Determinants of Adoption of Wearable Healthcare Devices

Shahla Asadi ,1 Rusli Abdullah,1 Mahmood Safaei,2 and Shah Nazir 3

1Faculty of Computer Science and Information Technology, University Putra Malaysia, Seri Kembangan, Malaysia
2School of Computing Faculty of Engineering, Universiti Teknologi Malaysia, Johor Bahru, Malaysia
3Department of Computer Science, University of Swabi, Pakistan

Correspondence should be addressed to Shahla Asadi; asadi.shahla2003@gmail.com

Received 16 November 2018; Accepted 27 January 2019; Published 14 February 2019

Guest Editor: Raquel Lacuesta

Copyright © 2019 Shahla Asadi et al. +is is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

+e advancement in wireless sensor and information technology has offered enormous healthcare opportunities for wearable
healthcare devices and has changed the way of health monitoring. Despite the importance of this technology, limited studies have
paid attention for predicting individuals’ influential factors for adoption of wearable healthcare devices.+e proposed research aimed
at determining the key factors which impact an individual’s intention for adopting wearable healthcare devices. +e extended
technology acceptance model with several external variables was incorporated to propose the research model. A multi-analytical
approach, structural equation modelling-neural network, was considered for testing the proposed model. +e results obtained from
the structural equation modelling showed that the initial trust is considered as the most determinant and influencing factor in the
decision of wearable health device adoption followed by health interest, consumer innovativeness, and so on. Moreover, the results
obtained from the structural equation modelling applied as an input to the neural network indicated that the perceived ease of use is
one of the predictors that are significant for adoption of wearable health devices by consumers. +e proposed study explains the
wearable health device implementation along with test adoption model, and their outcome will help providers in the manufacturing
unit for increasing actual users’ continuous adoption intention and potential users’ intention to use wearable devices.

1. Introduction

By the advancement of wireless sensor and information
technologies, wearable healthcare devices have emerged as a
new technology through which people can easily monitor
their physiological conditions. A wearable healthcare device
can be defined as “a device that is autonomous, that is
noninvasive, and that performs a specific medical function
such as monitoring or support over a prolonged period of
time” [1]. Consumers by adopting an appropriate wearable
device, for instance, “Jawbone UP” and “Fitbit Flex,” can
monitor and track daily health physiological conditions such
as heart rate, perspiration, event notifications, sleep pattern,
body temperature, and calories burned [2]. +e collected
data from wearable devices can be used by consumers to
manage their health conditions via smartphones or other
mobile applications. Furthermore, the physical data moni-
tored by a wearable device can be transmitted to hospitals for

healthcare facilities. +is means that remote monitoring of
physical data and health status is feasible. Remote assess-
ment of patients' health status might also remarkably decline
medical expenses by reducing the number of unnecessary
patient visits to medical facilities [3, 4].

+e wearable health devices not only are considered as
hardware but also discover users’ important features by using
mobile application and web software. +ese wearable devices
are considered as a type of hardware which understands the
effective features through the Internet and mobile application
which are cooperated by the data gathered with the devices. A
recent survey by Lee and Lee [4] found that, for decreasing the
medical cost, the wearable healthcare device is considered as
the best solution. +e research carried out by Roman et al. [5]
uncovered that wearable healthcare devices contributed to
saving $305 billion medical cost in the United States alone.
+erefore, adoption of wearable healthcare devices is critical
for individuals to save their medical cost.
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Despite the functionality and significant anticipated
benefits of wearable healthcare devices, there is a dearth of
research investigating the individual’s intention for the
adoption of wearable healthcare devices because they are still
within the early phase of commercialization [6]. +is is in
accordance with the research by Barnes et al. [7], which
revealed that a considerable number of people were in-
terested in using wearable healthcare devices; however, few
of them adopted wearable healthcare devices. +erefore,
identifying the key factors that influence individuals’ in-
tention for the adoption of wearable healthcare devices is
significant, as it will assist wearable device providers to
create the suitable marketing plan, leading to higher
adoption rate of wearable healthcare devices.

To fill the gaps in the existing literature, this study has
proposed a new research model for the forecasting of in-
dividuals’ behavior intention and analyzing the key factors
that influence the decision to the adoption of wearable
healthcare devices.+e originality of the model approached in
this research revolves around the fact that, besides well-known
predictors of new technology adoption, such as perceived
usefulness and perceived ease of use, it also includes factors
such as health interest, perceived expensiveness, consumer
innovativeness, and compatibility, which were examined in
few studies. Hence, this study aimed at identifying most key
drivers that influence adoption of wearable healthcare devices
and their particular relative significance. One of the primary
shortcomings of conventional statistical techniques which are
applied for the forecasting of individuals’ behavior is that they
generally test only linear relations among factors. In order to
tackle this issue, neural network (NN) was applied for the
relative importance of key factors, which can extract complex
nonlinear relationships. +e primary motivation for this re-
search is the need to propose a model that addresses the
shortcomings in previous studies in terms of predicting in-
dividuals’ influential factors for adopting the wearable
healthcare devices. Special attention is given to accomplish a
more accurate forecasting method in comparison with the
usual regression methods. In addition, to understand an
appropriate research technique and gain benefits through the
use of an integrated method, the SEM-NNmodel was applied.

+e structure of the paper is arranged as follows: the
literature review of prior studies on adoption of wearable
technology is given in Section 2. In Section 3, the hypothesis
and model developments are presented. +e applied
methodology is explained in Section 4, while in Section 5
neural network analysis and results are illustrated. Discus-
sion and conclusion are given in Section 6, and finally,
limitation and future research are described in Section 7.

2. Literature Review

2.1. TechnologyAcceptanceModel. +e analysis of individuals’
behavior and determinant’s drivers which influence their de-
cision for new technology adoption, like health information
technology adoption, is usually carried out using associated
well-determined theories for adoption of technology, for in-
stance, unified theory of acceptance and use of technology
(UTAUT), theory of planned behavior (TPB), task-technology

fit (TTF), diffusion of innovation (DOI), and Technology
Acceptance Model (TAM) [8]. In the information systems
literature, to explore the determinants for acceptance of
technology, TAM had been applied [9] as a powerful model to
investigate the determinants of user acceptance [10]. Several
studies in the information systems discipline have confirmed
the explanatory power of TAM in the acceptance and adoption
studies [11–14]. Moreover, to better clarify and forecast in-
dividuals’ behavior, many studies have recommended that
TAMshould be extended by including other constructs [15, 16].

TAM consists of two main components: Perceived Use-
fulness (PU) and Perceived Ease of Use (PEOU). PU is de-
scribed as “the degree to which a person believes that using a
particular system would enhance his or her job performance”
[17]. PEOU is described as “the degree to which a person
believes that using a particular system would be free of effort”
[9]. TAM suggests links of the mentioned central constructs
with other constructs, which are “behavioral intention to use
the technology” (BI). BI is described as “the degree to which a
person has to formulate conscious plans to perform or not to
perform some specified future behavior” [18].

2.2. Related Studies onWearable TechnologyAdoption. In the
minds of users, smart watches and wearable technologies are
considered as a new technology; therefore, the consumer’s
acceptance needs to be examined [19]. In spite of extensive
theories for technology adoption, a limited number of studies
have been performed to analyze the users’ intention for
wearable device adoption specifically in healthcare [2]. In this
section, the summary of the previous studies on wearable
technology has been presented. In the study conducted by
Dehghani [19], the motivational factors including (enabling
technologies, health-ology, and complementary goods) have
been explored on continuous usage intention of smartwatches
among actual users. Chae [20] extended the TAM acceptance
model to examine consumer acceptance for smart clothing.
+e result of the study showed that PU is considered as the
most influential factor, which influences consumers’ attitude
to smart clothing acceptance. Furthermore, the study by Lee
and Lee [4] showed that health interest and personal in-
novativeness are statically significant factors for individuals’
intention for wearable fitness tracker adoption. According to
Yang et al. [6], that perceived value is a very important in-
fluential factor which influences user acceptance of wearable
devices. Table 1 highlights the previous studies that con-
tributed to wearable technology adoption.

3. Hypotheses and Model Development

+e behavior intention is widely deemed as the best predictor
of behavior in previous studies [8, 9]. Because wearable health
technology is still in the very early phase of adoption, this
study decided to examine behavioral intention as a dependent
variable for wearable technology adoption, not actual use.

3.1. Perceived Usefulness. Perceived usefulness is considered
among the core variables in the TAM model, and it is
continually initiated to have an important impact on the
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acceptance of new technology. In the context of wearable
technology adoption, Weng [28] defined PU that “user be-
lieves that using wearable devices would be beneficial to his or
her health.” In comparison to other constructs in the TAM
model, PU and PEOU are considered as antecedents and the
most influential factors for new technology adoption. In
several areas of the research, PU has found as the predictor of
new technology acceptance; similarly, the studies on wearable
technology adoption have explored that PU among the ex-
amined forecasters of intention to use wearable technology
[6, 19, 22]. Similarly, to UTAUT and TAM2, PU has a direct
influence on behavior intention (BI). +e study expected that
the consumer’s perceived usefulness of the health wearable
technology will be influenced by perceived usefulness of the
existing current applications of the wearable technology.
+erefore, this study hypothesized that

H1: Individuals’ perceived usefulness affects their in-
tention in the wearable healthcare device context.

3.2. Perceived Ease of Use. Perceived ease of use was con-
sidered also among the core constructs in the TAM model.
Davis [9] who proposed the TAM model suggested that in-
dividual’s motivation on technology will be influenced by PU
and PEOU.+e role of PEOU as a contributing factor for use
and adoption has been studied widely by TAM researchers.
+e results from these studies have found that there is an
overall agreement among researchers that PEOU has an either
indirect or direct and positive effect on individuals’ behavioral
intention to use new technology in several contexts [12]. In
line with the previous studies, this result also was approved in
the context of wearable technology [24, 29]. +erefore, in the
case of wearable health devices, PEOU is described as how the

product design is easy for use and how users expect that the
wearable technologies will be easy to learn and an interaction
technique. +erefore, this study hypothesized that

H2: Individuals’ perceived ease of use affects their in-
tention in the wearable healthcare device context.

3.3. Initial Trust. In general, trust has been characterized by
its stages of development. Jarvenpaa et al. [30] distinguished
among mature and initial stages of trust. Wearable health
devices are still in their early stage of development and
adoption, and several consumers are not totally familiar with
the product characteristics and whole aspects of it; therefore,
they have initial trust (IT) on the product. But, after a while,
mature trust will be developed once customers were consis-
tently satisfied with the products and services. +e proposed
study focused on studying individuals’ initial trust in wearable
health device. Liébana-Cabanillas et al. [8] revealed that trust
is “a critical factor in stimulating purchases over the Internet,
especially at this early stage of commercial development.”
Although trust, not the only construct, is considered to predict
the user’s behavior intention, many scholars found that there
is a significant and positive relationship between trust and the
user’s behavior intention [21, 31, 32]. Previous studies in
various contexts widely supported the idea that trust has a
positive influence on BI and is considered as the strongest
predictor of BI [32, 33]. To extend these studies into wearable
health devices, the following hypothesis can be proposed:

H3: Individuals’ initial trust affects their intention in the
wearable healthcare device context.

3.4. Consumer Innovativeness. Rogers [34] defined in-
novativeness as “the degree to which an individual is

Table 1: Related studies on wearable technology adoption.

References Technology +eory Method Variables

[19] Smartwatch N/A Qualitative
study

“Perceived usefulness, perceived ease of use, enabling
technologies, functionality, complementary goods, continuous

usage intention”

[21] Wearable device UTAUT Survey “Performance expectancy, hedonic motivation, privacy concern,
facilitating conditions, hedonic, trust, effort expectancy”

[6] Wearable device Extended TAM Survey
“Hedonic motivation, social influence, risk, functionality,

perceived ease of use, visual attractiveness, perceived ease of use,
brand name, perceived usefulness”

[22] Wearable device
Reference group theory,

TAM, and health
belief mode

Survey
“Health belief, perceived convenience, health belief, perceived
usefulness, perceived credibility, consumer innovativeness,

perceived interpretability”

[2] Wearable device Privacy calculus theory Survey

“Perceived privacy risk (information sensitivity, perceived
prestige, legislative protection, personal innovativeness
legislative), perceived benefit (perceived informativeness,

functional congruence), adoption intention, actual adoption”

[23] Smart glasses Extended TAM Survey “Complexity, self-efficacy, usefulness, health concern, ease of use,
risk, intention, external influence”

[24] Smart glasses Extended TAM Survey “Hedonic motivation, perceived ease of use, perceived usefulness”

[25] Fitness wearable N/A Focus
group

“Perceived effort, utilitarian benefits, gender, physiological traits,
social influence, hedonic”

[26] Wearable device Extended UTAUT Survey “Facilitating conditions, social influence, trust, performance
expectancy”

[27] Smart glasses TAM Survey “Technology risk, perceived usefulness, privacy, hedonic
motivation, image, perceived ease of use, norms”
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relatively earlier in adopting new ideas than the average
member of his social system.” Steenkamp et al. [35] viewed
consumer innovativeness (CI) as individuals’ willingness
and tendency to be attracted by new products or technology.
Previous studies have validated important influence of CI on
BI. +e DOI theory which proposed by Rogers [36] revealed
that users with high innovativeness are able to handle un-
certainty and higher intention for new technology adoption.
Other studies have confirmed that CI affects the BI for new
product, service, or technology usage [2, 4, 22, 35, 37]. Since
the wearable health device technology is quite new, the
existing users are early adopters, so CI may be of high
importance on intention to adopt. +us, in the proposed
study, we hypothesize that

H4: Individuals’ consumer innovativeness affects their
intention in the wearable healthcare device context.

3.5. Compatibility. +e compatibility is defined by Adopter
[38] as “the degree to which an innovation is perceived as
consistent with the existing values, past experiences, and
needs of potential adopters.” Moreover, Lu et al. [39]
revealed that “compatibility captures the consistency be-
tween an innovation and the potential adopters’ existing
values, current needs, and present lifestyle.” Several studies
described the compatibility variable as “technical compati-
bility” by assessing the existing hardware and software for
how the technology is compatible. As stated by Rogers [40],
compatibility is considered as an essential factor for in-
novation adoption and has significant influences on users’
behavioral intention for technology adoption. Further
studies also have proven the significant influence of com-
patibility on BI in several contexts such as knowledge
sharing [41], mobile payment [39], e-learning acceptance
[42], and mobile commerce [43]. +erefore, this study de-
scribed compatibility as the degree to which wearable health
device’s compliance with the functionality of other products
(for instance, smartphones, tablet, and PCs), users’ lifestyles,
and business demands. Hence, the following hypothesis was
proposed:

H5: Compatibility affects an individual’s intention in the
wearable healthcare device context.

3.6.Health Interest. Health interest (HI) as defined by [4] is
referred to “the degree to which the person is interested in
improving or maintaining his/her health.” Additionally,
HI is a sign of the quality of people’ life for health actions
and concerns [44]. Several previous studies on wearable
technology devices have supported that HI has a direct
and positive influence on users BI [4, 45]. Hence, con-
sumers with high HI are more interested to use and adopt
the wearable health device. Also, they are more interested
to purchase products. +erefore, the following hypothesis
was proposed:

H6: Health interest affects an individual’s intention in
the wearable healthcare device context.

+e proposed study has developed the research model, as
shown in Figure 1, for examining the factors which influence

an individual’s intention for wearable healthcare device
adoption.

4. Methodology

4.1. Structural Equation Modelling-Neural Network
Approaches. In this study, a two-step multianalytical ap-
proach, including a neural network (NN) analysis and
structural equation modelling (SEM), was employed. For
testing the research hypotheses and identifying the
antecedents/predictors of wearable health device adoption,
the SEM is normally used. However, several studies have
applied the integrated SEM-NN approach in a different
context for adoption such as m-commerce [46], social CRM
adoption [47], e-learning [48], brand extension [49], ERP
system [50], and IOS adoption [51]. +erefore, in the initial
stage of the analysis, the SEM was applied to verify factors
that have significant influence on wearable health technol-
ogy adoption. +ereafter, in the second stage, we used the
NN analysis for more accurate prediction of substantial
factors for wearable healthcare adoption. As the SEM ap-
proach just used statistical modelling for the liner model,
sometimes it over simplifies the complexity of the tech-
nology adoption model when users make the decision for
technology adoption [52]. In order to tackle this concern, the
NN analytical approach was employed to test the linear as
well as the nonlinear relationship among adoption factors
and wearable health technology adoption decision. +e NN
additionally makes it possible to achieve more precise
predictions in comparison to the typical regression tech-
niques [53]. Additionally, utilizing the two-stage SEM-ANN
approach that is predictive analytical approach provides a
further holistic comprehension and gives significant
methodological contribution through the analytical view-
point. +is is because the noncompensatory neural network
analysis is able to enhance the weak points regarding the
linear and compensatory SEM analysis [50]. +us, to un-
derstand a sensible research technique and gain a benefit

Perceived 
usefulness

Perceived
ease of use

Initial trust

Consumer 
innovativeness

Compatibility

Health interest

Intention to
adopt the wearable
healthcare devices

H1

H2

H3

H4
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Figure 1: Research model.
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through the use of an integrated technique, the two-staged
SEM-NN method was suggested by previous researchers
[49, 54, 55]. Hence, the proposed study primarily used the
SEM to test the model and associated hypotheses. Based on
the results of the SEM analysis, significant/supported vari-
ables will be used as input to the NN analysis. +is is one of
the new studies on wearable health device adoption which
integrated SEM and NN.

4.2. Sample and Procedure. A survey questionnaire was used
in this research to test the hypotheses. +e proposed study
used purposive sampling technique. +e data were obtained
from the users who have experience and awareness of the
wearable devices such as smart watches, heart monitoring
devices, calories burn monitoring devices, and sleep trackers
and have the experience of using wearable devices. In total,
178 participants, including university students, researchers,
and office workers, in Malaysia were involved in the survey.
+e characteristics of the respondents who joined the survey
are shown in Table 2.

4.3. Measurement of Variables. As the focus of this study is
consumers of wearable health device, the unit of analysis is
individual. +e questionnaire item was adopted from the
previous literature [2, 3, 6, 20, 51] and supposed to be
suitable in this study. Twenty-eight items were used to
measure the seven variables. All the items were measured by
a five-point Likert scale ranging from 1 (strongly disagree) to
5 (strongly agree).

4.4. Assessment of Measurement Model. For testing the
measurement model of the constructs, whether they have
adequate validity and reliability, two-step analysis was ap-
plied. Cronbach’s α, composite reliability (CR), and average
variance extracted (AVE) are used for constructs’ reliability
and validity. As revealed in Table 3, Cronbach’s α for con-
structs was ranged from 0.75 to 0.85, which is above the
acceptable value of 0.7 and exceeds the recommended score.
CR scores for each construct were above the threshold of 0.70
[55], and AVE of all constructs surpassed the suggested value
of 0.5. +e square root of AVE was applied for calculating the
discriminant validity [56].+e results showed that square root
of AVE is higher than the correlations between this construct
and the other constructs, which approved the discriminant
validity of the constructs. +e discriminant validity for
measurement items are presented in Table 4.

Based on the above evaluation results, the measurement
model for construction of reliability and validity has been
accepted and met the recommended values.

4.5. Assessment of Structural Model. After confirmation of
the reliability and validity to the measurement model, in the
second step, evaluation of the structural model should be
performed. As stated by Hair et al. [57], the coefficient of
determination R2 was employed for the predictive power of
the structural model. Total predicted R2 for the dependent
variable is 0.64, which represents the substantial coefficient

of determination by Hair et al. [55].+e obtained result from
the structural model assessment for the hypotheses is shown
in Table 5. Of the six proposed hypotheses by this research,
five hypotheses were supported and one hypothesis (H5) was
not significantly influenced, and it was rejected. Hence, the
result of this study shows that personal norm (p � 0.63,

Table 2: Characteristics of the respondents.

Demographic factors Frequency %
Gender
Male 73 41.02
Female 105 58.98
Age
25 or lower 59 33.14
26–40 108 60.68
41 or older 11 6.18
Education
Under college 8 4.49
College or university 138 77.53
Advanced degree 32 17.98
Occupation
College or university students 128 71.91
Researchers 36 20.22
Office workers 14 7.87

Table 3: Reliability and validity test.

Cronbach’s
alpha

Composite
reliability

Average variance
extracted (AVE)

BI 0.80 0.86 0.56
C 0.84 0.89 0.67
CI 0.79 0.86 0.61
HI 0.85 0.9 0.69
PEOU 0.78 0.86 0.6
IT 0.75 0.84 0.57
PU 0.76 0.85 0.59

Table 4: Discriminant validity for measurement items.

BI C CI HI PEOU PE_ PU
BI 0.745
C 0.597 0.82
CI 0.7 0.598 0.783
HI 0.636 0.689 0.601 0.829
PEOU 0.678 0.567 0.714 0.604 0.776
PE_ 0.646 0.607 0.608 0.585 0.615 0.758
PU 0.651 0.558 0.684 0.512 0.648 0.532 0.766

Table 5: Structural model results.

T statistics p values Results
H1: PU⟶ BI 1.91 0.06 Supported
H2: PEOU⟶ BI 1.87 0.06 Supported
H3: IT⟶ BI 2.65 0.01 Supported
H4: CI⟶ BI 2.44 0.02 Supported
H5: C⟶ BI 0.48 0.63 Unsupported
H6: HI⟶ BI 2.49 0.01 Supported
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t� 0.48) does not have the significant influence on intention
to wearable health device adoption.

5. NeuralNetworkAnalysis forWearableHealth
Device Adoption

According to the results gained from the structural
model assessment, five significant/supported constructs
from the SEM analysis were applied to progress in the NN
analysis. In this study, SPSS 21 was applied for modelling
NN. As depicted in Figure 2, the applied NN analysis
compromises three layers: the input layer, hidden layer,
and output layer [58]. +e input layer in the NN analysis
compromised the five significant factors resulted from the
SEM. +e dependent variable which is the intention to
adopt the wearable health device is considered as an
output layer for the NN analysis. While there is not any
specific role for identifying the hidden nodes in the NN
analysis, to detect the hidden nodes (H1–H10 in Figure 2),
the researchers [52, 59] have recommended examining the
NN model by modifying the number of hidden nodes
from 1 to 10.

+e proposed study has applied the 10 hidden nodes to
create the relative significance of the predictors. Hence,
70% of the data have been used as the train network model,
and the remaining 30% of the data have been employed to
test the forecasting accuracy of the trained network. Five
factors, namely, perceived usefulness, consumer in-
novativeness, initial trust, perceived ease of use, and health
interest, were examined. +e root mean square error
(RMSE) was applied to detect the accuracy of the proposed
model. To measure the accuracy of the model, the RMSE of
both testing and training data sets for all ten NNs were
calculated and the results are presented in Table 6. +e
results of the sensitivity analysis of the input factors in the
NN model are presented in Table 7. +e attained results of
the sensitivity analysis revealed that perceived usefulness

was the most significant factor for wearable health device
adoption, followed by health interest, perceived ease of use,
initial trust, and consumer’s innovativeness.

6. Discussion and Conclusion

+e goal of this research was to predict and prioritize factors
influencing the wearable health device adoption by con-
sumers. Within the model that proposed the casual re-
lationship of consumer innovativeness, perceived usefulness,
perceived ease of use, health interest, and initial trust, an
individual’s intention for wearable health technology device
adoption in Malaysia was examined. +e obtained results
from the SEM showed that initial trust is the most influential
factors for individuals to adopt the wearable health device.
+e result of this study is consistent with the previous result
[21]. Many users trust the wearable technology, and they are
more interested to adopt and use the products. +e health
interest was considered as the second significant factor which
influences consumer’s behavior intention for the adoption of
the wearable health device. Consumer’s interest and intention
for new wearable health device will increase if the developer
provide appropriate information about the devices and
through right channels present the products to the people.
+is result is in line with the previous study by Zhang and Li
[60]. +e consumer innovativeness is considered the third
significant factor based on the SEM analysis. +e finding is
aligned with the previous study on healthcare wearable
technology context which discovered that consumers’ in-
novativeness may possibly increase their intention toward the
adoption of health technology device [22].

From a theoretical point of view, several studies in-
vestigated the wearable health technology adoption, and far
less attention has been paid on the individual’s decision-
making behavioral intention to adopt wearable health device
with a strong underpinning theoretical model. Since the
theoretical development in this context is still at an early
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Figure 2: +e proposed artificial neural network architect for 10 neurons. CI� consumer innovativeness; PU� perceived usefulness;
PEOU� perceived ease of use; HI� health interest; IT� initial trust; BI� behavioral intention.
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stage, proposing an adoption model for wearable health
device is the most significant contribution of this research.
+is study is the initiative toward the use of the integrated
-NN model to observe the predictors of the wearable health
device adoption factors at the individual level. As mentioned
above, the research on wearable devices adoption is rarely
focusing on Malaysian consumers. +us, this study is an
innovative idea for this matter.

From a practical perception, this study provides nu-
merous practical suggestions for providers, developers, and
practitioners. For consumers who have adopted a wearable
health device or have planned to adopt it, the proposed
model can be applied as a guideline to support their
decision-making process. Moreover, the proposed study
presents opportunities for companies to change the attri-
butes of the new product in order to decrease conflicting
feedbacks and to boost the rate of adoption.

7. Limitations and Future Studies

+e proposed research considered only the individuals’
perception and intention, thus avoiding the researchers to
study the barriers and hindering factors that influence the
adoption of wearable health device. In addition, this study
could not include other antecedents for health wearable
device adoption in terms of an individual’s viewpoint, such
as TPB, DOI, and UTAUT predictors. +us, in the future,
researchers can study influential predictors for wearable
health devices by employing another adoption theory.
Additionally, our target sample was restricted to a Malaysian
sample, which has not considered the technological and
cultural alterations between diverse countries. So, it would
be essential to test the results in other countries. Hence,
another way to encompass this research will be conducted as
a comparative study on the adoption of healthcare wearable
devices among diverse countries.
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Wearable motion sensors with built-in accelerometers have been deployed for gait assessment. 0is study aims at exploring gait
patterns between younger and older adults using a motion-sensing system and exploring sensor technology acceptance among
participants. 0e motion-sensing system was formed by a smart bracelet, an Android application, and a website based on
Microsoft Azure. 0e study employed quasi-experimental, nonexperimental, and qualitative design. A total of 28 younger and 28
older adults were recruited. 0e gait assessment result indicated that the root mean square (RMS) acceleration increased sig-
nificantly as the walking pace increased based on the right ankle sensor. Older participants usually presented a lower magnitude of
acceleration patterns in the anteroposterior and mediolateral direction compared with the younger participants, while the stride
regularity and variability were not significantly different between younger and older participants. User evaluation indicated that
the user experience of the motion-sensing system could be further enhanced by providing feedback on the smart bracelet display,
generating an analysis report on the gait visualization website, and involving family members in data sharing for older adults.
Study findings demonstrated that it is feasible to use portable motion-sensing methods to measure gait characteristics among
Chinese adults. Suggestions proposed through user evaluation could be of value to improve the user experience of the motion-
sensing system.

1. Introduction

Wearable devices for older adults with the function of health
management have become popular in recent years. Smart
bracelets, such as the Jawbone UP, the Fitbit Flex, and the
Garmin Vivofit, allow users to track their activities, nutri-
tion, sleeping patterns, [1] or heart rate [2]. Moreover, many
wearable devices with built-in accelerometers, such as smart
bracelets [3], iPods [4], and smartphones [5], can obtain
more elaborate gait characteristics to detect subtle gait
changes. In a fast-aging society, using cost-effective wearable
smart devices for gait assessment may increase the in-
dependence of older adults and relieve the burden of care. It
is necessary to evaluate how users, especially older adults,
perceive information derived from such technologies.

0is study employed a motion sensor on a smart
bracelet to conduct gait assessment of younger and older

adults. 0e gait data were collected with an Android appli-
cation, and the results were then visualized on a website. 0is
study engaged younger and older adults in the evaluation
process to acquire knowledge about their perceptions of the
motion-sensing system.0emotion-sensing system that will be
discussed in this work is promising for gait assessment in home
settings and for engaging the cooperation of different parties
such as older adults and their family members or care givers.

More specifically, we explored the following two research
objectives: (1) to test feasibility of measuring gait patterns
among younger and older Chinese adults using portable
motion-sensing methods; (2) to dig user requirements to
improve the user experience of the motion-sensing system.
0e system described in this study has the potential to be
expanded to a telemedicine service. Suggestions proposed
through user evaluation could be of value to improve the user
experience of the motion-sensing system.
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2. Related Work

Gait is an important index for observing the mobility of
older adults. Gait parameters, such as speed, cadence,
stride length, and gait variability, are useful for the de-
tection of frailty or fall risk of older adults [6–8]. Gait
speed is viewed as an important index of physical health
status and could be used as a routine tool in identifying the
group that needs intervention [9–12]. Older adults with
higher functional fitness were found to walk considerably
faster than lower-functioning older adults [13]. In addi-
tion, other gait characteristics, such as stride length, stride
frequency, gait variability, smoothness, symmetry, and
complexity, were found to be predictive of falls [14, 15].
Early detection of the deterioration of gait quality may help
older adults adopt timely interventions to improve their
quality of life.

In recent years, many wearable devices with built-in
accelerometers have been used as an innovative way to
assess gait. 0e sensors are placed on several locations,
such as the pelvis [15], the wrist [3, 16], the ankles
[16, 17], the soles [18, 19], bag [20], and pocket [20].
Nishiguchi et al. [5] used an Android-based smartphone
placed over the L3 region of participants to quantify gait
parameters such as step frequency, step variability, bal-
ance, and stability. 0is study also found that the
smartphone has the capability to quantify gait parameters
with a degree of accuracy that is comparable to that of a
triaxial accelerometer [5]. Koss et al. [4] derived multiple
gait parameters from an iPod to predict age-related gait
changes and found that younger adults had a more
variable, less predictable, and more symmetric gait pat-
tern compared with older adults. Meanwhile, a number of
smartphone applications are available for gait assess-
ment, such as TOHRC walk test (https://play.google.com/
store/apps/details?id�ca.irrd.walktest), six-minute walk
test (https://play.google.com/store/apps/details?id�com.
stepic.sixminwt), and GaitUp (https://play.google.com/
store/apps/details?id�com.gaitup.app.gaitup). For exam-
ple, Capela et al. [21] used a smartphone worn at the
midlower back and an Android application called the
TOHRC walk test to derive clinically relevant six-minute
walk test measures, including the total distance walked,
step timing, gait symmetry, and walking changes over
time. Such wearable devices provide a novel way to
measure gait in day-to-day environments and are capable
of identifying subtle gait changes.

Although older adults may be assisted by motion
sensors in their daily life, they may encounter difficulty in
using technology. Many studies have explored users’ ac-
ceptance of health-related information and communica-
tion technology (ICT) products. For example, Vaziri et al.
[22] designed a fall prevention system for 153 older adults
to use at home to reduce common fall-risk factors such as
impaired balance and muscle weakness. 0is study sug-
gested that it is important to take usability as well as
motivation, gender, and age into consideration when de-
signing ICT-based fall prevention systems [22]. Puri et al.
[23] explored the user acceptance of wrist-worn activity

trackers among 20 Canadian community-dwelling older
adults. Older adults were mostly accepting of wearable activity
trackers, and wearable activity trackers were considered more
personal than other types of technologies; therefore, the device
characteristics such as comfort, aesthetics, and price had a
significant impact on the acceptance [23].

Regarding factors influencing technology acceptance, the
well-known technology acceptance model stresses the im-
portance of perceived usefulness and perceived ease of use
when designing information technology for older adults [24].
In addition, social support is necessary for older adults in the
process of using information technology, particularly for
older adults living in an interdependent culture, such as that
of China [25, 26]. Sun and Rau [26] stated that the acceptance
of personal health devices by older Chinese people was
influenced by five factors: attitude towards technology, per-
ceived usefulness, ease of learning and availability, social
support, and perceived pressure. Ease of learning significantly
influenced intention to use, especially for older people [26].
Social norms have a significant influence on users’ acceptance
of personal health devices, and Chinese users’ interdependent
self-construal enhances this effect [26]. Vassli and Farshchian
[27] summarizedmotivations for and barriers to using health-
related ICT among older adults. Motivations are that health-
related ICT gives older adults independence, safety, and se-
curity; it allows them to socialize andmanage their own health
and helps them in their daily activities [27]. However, older
adults need to receive assistance easily if they encounter
problems in using the services and to receive training and
assistance during their use [27]. Lack of privacy and safety, as
well as stigma, is among the reported barriers [27].

Researchers state that “one way to facilitate older adults’
adoption is through visualizations that incorporate data
from smarthome sensors into relevant and insightful re-
sources” [28]. Several studies have applied visualization to
present daily data of older adults. For example, O’Brien et al.
visualized sensor data from passive infrared sensors located
in the living room, hallway, and bedroom of older adults’
apartments to monitor changes in the movement pattern
[29]. Chung et al. used a home-based sensor system to
monitor the mobility and daily activities of Korean Amer-
ican older adults. 0e sensors included a motion sensor in
the dining room, a hydrosensor in the bathroom, and an
Internet router in the living room. 0e sensor data were
presented on a line chart [30]. Bock et al. developed a vi-
sualization website that collected sensor data on motion,
temperature, luminosity, and humidity. Activity levels were
presented on a bar chart [28]. According to a study, the value
of visualizations for older adults is that they make it possible
to “identify patterns that they were unaware of existing” [31].

3. Materials and Methods

3.1. Participants. Twenty-eight students (14 females and 14
males) were recruited from a university, whereas twenty-
eight older participants (18 males and 10 females) were
recruited from a community in Jiangbei District,
Chongqing, China. 0e inclusion criterion was that the
older participants were aged over 55 years, living in the
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community, and able to walk independently without
walking aids. People were excluded if they had any mus-
culoskeletal, neurological disease, or painful conditions. All
participants were asked to give a written informed consent
prior to participation. 0e study ethics were approved by
Tsinghua University. Participants’ characteristics were col-
lected via a background questionnaire, as presented in Table 1.

3.2. Description of Motion-Sensing System. Figure 1 presents
the system architecture of the motion-sensing system. 0e
motion sensor used in this study was a nine-axis sensor from a
smart bracelet (Cavitech motion sensor, 26.5 g, 40 × 21 ×

7mm, Danco Technology Co.) with a built-in accelerometer
and a gyroscope. 0e sampling rate is 32Hz. 0e sensor can
collect the acceleration and Euler angle of the X/Y/Z axes.0e
manner in which it is worn is shown in Figure 2. 0e X-axis
represents the anteroposterior direction, the Y-axis the
mediolateral direction, and the Z-axis the vertical direction.

We initiated themotion-sensing systemwith the following
steps. First, the smart bracelet and the smartphone were
connected through Bluetooth. 0e sensor data were collected
by an Android application that recorded the acceleration and
Euler angle in real time when the participant was walking.0e
application wasmade using Unity.0emotion-sensing system
(http://youtu.be/fA9r5lo62Jw) was developed by Prof. Tien-
Lung Sun’s team from Yuan Ze University. When the Internet
connection was available, the collected data were uploaded to a
data collection, analysis, and visualization website based on the
Microsoft Azure service (https://azure.microsoft.com). Each
participant was given a code number in the database. 0e raw
data file could be downloaded from thewebsite in a csv format.
In addition, it could be displayed on a computer or tablet on a
visualization form consisting of acceleration and Euler angle
patterns (Figure 3).

3.3. Procedure. Participants first signed consent forms and
filled in a questionnaire regarding their age, gender, edu-
cation, occupation, experience of using smartphones and
smart bracelets, self-reported health status, and walking
ability on a seven-point Likert scale. 0eir height and weight
were measured as well.

0en, they wore bracelets that had been calibrated
beforehand on their wrists and ankles. 0e participants
were asked to walk ten times along a 14m corridor at three
self-selected paces: slow, normal, and fast. 0e initial and
final 2m were used for acceleration and deceleration.0us,
gait assessment was performed over 10m. Two tapes were
fixed on the start line and the finish line as markers. 0e
instructions were given to each participant in a standard
form, as follows: (1) slow: walk very slowly, as if you were
walking in a park; (2) normal: walk at your normal speed to
the terminal line; (3) fast: walk as fast as you can to the
finish line, however, do not run or take risks. 0e sequence
of the gait speed was randomized to avoid the effect of the
order. 0e walking process was videotaped for verification
purpose. Participants were asked to wear a pair of com-
fortable shoes to avoid the effect of footwear.

After the walking session, participants were asked about
which parts of the body they most liked to wear the sensor
on: the wrist, ankle, back, sole, or other parts of the body, on
a seven-point Likert scale, with 1 indicating do not like at all
and 7 indicating like very much. 0en, participants were
asked to rate the importance of the acceptability aspects
(e.g., appearance of the bracelet and accuracy of the mea-
surement results) of the motion-sensing system on a seven-
point Likert scale, with 1 indicating not important at all and
7 indicating very important. Next, they were given a short
follow-up interview. 0ey were asked the following ques-
tions: (1)What information do you expect the motion sensor
could provide you with? What is your opinion of the motion
sensor used in this experiment? (2) Regarding the data vi-
sualization, we could collect your gait data and upload them
to a website. Who do you think should have the authority
to view your gait data (yourself, your family members, a
doctor, or a nurse)? What do you think of the system and
what concerns do you have? (3) Will you consider using
the system in your daily life? Before the discussion, the
interviewer presented and explained the visualization
website to the interviewee if he or she did not understand
it.

3.4. Measurement. During the gait test, participants wore
motion sensors on their wrists and ankles. We found that
some participants did not have the habit of swinging their
arms when walking, and consequently, there were no or few
waveforms in the acceleration patterns. 0is caused the
MATLAB program to fail to detect the peak of the
waveform. On the other hand, the ankle data showed
periodic waveforms as the foot struck the floor. 0erefore,
ankle gait data were used for stride analysis. Specifically, we
used right ankle data to maintain consistency. As the
vertical acceleration signal of the ankle data showed more
significant periodicity (see Acceleration Z in Figure 4), we
used it for calculating the stride frequency, stride regularity
(autocorrelation of acceleration), and stride time vari-
ability. RMS acceleration was calculated using the accel-
erations of three axes. 0e means of the gait parameters of
the third and fifth trials for each walking pace were cal-
culated as the dependent variable. 0erefore, a total of
2 (walking trials) × 3
(walking paces) × 56 (participants) � 336 trials were in-
cluded for analysis.

0e following gait parameters were calculated:

(i) Gait Speed (m/s). 0e gait speed was calculated as
the distance (10m) by the time elapsed.

(ii) Stride Frequency (Hz). 0e fast Fourier transform
(FFT) was used to convert the acceleration signal to
the stride frequency. 0e stride frequency indicates
the gait cycle.

(iii) Average Stride Length (m). 0e average stride length
was calculated from the speed/stride frequency.

(iv) Stride Regularity (autocorrelation of acceleration).
Stride regularity is calculated using autocorrelation
coefficients as follows:
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Rxx(k) �
1

n− k


n−k

i�1
xti

xti+k. (1)
Here, Rxx(k) depicts the autocorrelation coefficients,

which is a function of the time lag, k. x(t) depicts the
normalized acceleration data, which is calculated as follows:

Table 1: Characteristics of participants in this study (N � 56).

Variables Younger (N � 28) Older (N � 28) p

Age, mean (SD), y 24.6 (2.7) 66.1 (5.0) <0.001∗
Gender, n
Male 14 18 0.280
Female 14 10
Height, mean (SD), cm 169.7 (8.2) 160.6 (7.1) <0.001∗
Weight, mean (SD), kg 61.8 (10.4) 61.4 (7.3) 0.859
BMIa, mean (SD) 21.4 (2.6) 23.9 (3.1) 0.002∗
Education, n
Primary 0 16 <0.001∗
Junior 0 11
Senior 0 1
Undergraduate 5 0
Graduate 23 0
Smartphone owner, n
Yes 28 3 <0.001∗
No 0 25
Smart bracelet experienceb, n
Yes 16 0 <0.001∗
No 12 28
Fall history in the last yearc, n
Yes 6 8 0.537
No 22 20
Self-reported health statusd, mean (SD) 6.3 (0.9) 4.9 (1.2) 0.005∗
Self-reported walking abilityd, mean (SD) 6.3 (0.7) 5.6 (1.3) 0.018∗

Note. BMI, body mass index; SD, standard deviation. aCalculated as weight in kilograms divided by height in meters squared. bDetermined by asking the
question “Do you have prior experience of using a smart bracelet?” cDetermined by asking the question “Did you fall unintentionally in the last year?”
dDetermined by a seven-point Likert scale, with 1 indicating not good at all and 7 indicating very good. ∗Significant at the 0.05 level.
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Figure 1: System architecture of the motion-sensing system.
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x(t) �
a(t)− aMean

aSD
, (2)

where a(t) is the acceleration data at time t and aMean and aSD
are the mean and standard deviation of the acceleration data.

0e autocorrelation coefficient was calculated using the
xcorr function in MATLAB. 0e stride regularity in this
study is the peak value of the autocorrelation coefficient

around a stride T [5]. 0e higher value of autocorrelation is
associated with a better gait pattern.

(v) Stride Time Variability. Stride time variability was
found to be an indicator of fall risk [32]. It is cal-
culated using the coefficient of variance (CV) as
follows:

CV �
tSD

tMean
. (3)

(a) (b)

Figure 2: 0e manner of wearing the smart bracelet.
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Figure 3: An example of motion-sensor data of the ankle when the participant was walking back and forth. 0e collected data were
visualized on a cloud-based website. 0e website interface displayed the acceleration and Euler angle of the three axes. (a) 0e acceleration
pattern and (b) the Euler angle pattern. 0e X-axis is time. 0e Y-axis is acceleration for (a), and the unit is gravity (g). 0e Y-axis is Euler
angle for (b), and the unit is degree. Each waveform represented a step. An abrupt change of the Euler angle on the Y-axis (green line)
indicated a turn.
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0e positive peak of the acceleration was firstly detected
by the findpeak function in MATLAB.0e time interval from
the adjacent peak was regarded as the stride time t. 0e CV
was then calculated from the mean tMean and the standard
deviation tSD of the time intervals. 0e higher value of stride
time variability is associated with a worse gait pattern.

(vi) Root Mean Square (RMS) acceleration. 0e RMS
acceleration indicates the magnitude of the accel-
eration [33]. It is calculated as follows:

RMS �

����������


tn

t1 a(t)2 dt

tn − t1




, (4)

where a(t) is acceleration data at time t and t1 and tn

are the start and end of the gait measurement.

3.5. Statistical Analysis. Regarding demographics, normality
was assessed using the Kolmogorov–Smirnov test. For the
measures that were distributed normally, independent t-
tests were used; for the measures that were not distributed
normally, the Mann–Whitney U test was used. Pearson’s
chi-square test was used to test the difference of categorical
variables (i.e., gender, education, and fall history) between
younger and older groups.

0e motion sensor data were preprocessed using the
MATLAB toolbox. As data were not constantly sampled, we
adjusted the sampling rate of the acceleration signal to
100Hz using the interpolation. A low-pass Butterworth filter
with a cutoff frequency of 10Hz was applied to filter the data.
0e gait parameters were then derived by a self-designed
MATLAB program.

0e statistical analysis of gait parameters was con-
ducted in an R environment. 0e mean and 95% confi-
dence intervals (CIs) were calculated for the averaged gait
parameters for each walking pace of younger and older
participants. A two-way mixed analysis of variance
(ANOVA) was conducted to investigate the effect of age
group and walking pace (slow, normal, and fast) on gait
parameters (speed, stride frequency, average stride length,
stride regularity, stride time variability, and RMS accel-
eration). 0e within-subject variable was the walking
pace, and the between-subject variable was the age. After
the ANOVA, if the walking pace or the interaction effects
were significant, post hoc tests were performed using the
Fisher least significant difference (LSD) test. 0e level of
significance was set at p< 0.05 for all analyses.

For importance rating of acceptability aspects of the
motion-sensing system, Mann–Whitney U-tests were con-
ducted to compare the differences in attitudes between younger
and older adults because the assumption of normality was not
fulfilled.0e recordings regarding the participants’ perceptions
of the motion-sensing system were transcribed by a researcher.
Different researchers checked the scripts for accuracy. Content
analysis was conducted to identify the requirements of the
participants regarding the motion-sensing system.0e derived
data used to support the findings of this study are available
from the corresponding author upon request.

4. Results and Discussion

4.1. Participant Characteristics. 0e older group had sig-
nificantly higher body mass index (BMI) value, lower height,
education level, self-reported health status and walking ability,
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Figure 4: Acceleration patterns of ankle data of a younger participant: (a) walking speed � 1.2m/s and an older participant: (b) walking speed �

0.69m/s, walking at a normal pace. 0e scale of acceleration is in units of gravity (g). 0e scale of time is in units of second (s).
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less number of smartphone owners, and smart bracelet ex-
perience than the younger group. Height and BMI were
distributed normally; therefore, the independent t-test was
used to test the difference. Age, weight, self-reported health
status, and walking ability were not distributed normally;
therefore, the Mann–Whitney test was used to test the dif-
ference. 0e demographic information of the participants is
presented in Table 1.

4.2. Effect of Age and Walking Pace on Gait Parameters.
Descriptive statistics of the gait parameters are presented in
Table 2. Interaction effects andmain effects on gait parameters
are presented in Table 3. Post hoc tests are presented in Table 4
if there was a significant interaction effect and Table 5 if there
is no significant interaction effect, respectively.

4.2.1. Effects of Age and Walking Pace on Temporal-Spatial
Gait Parameters

(1) Speed. 0ere was a significant effect of interaction be-
tween age group and walking pace (F(2,108) � 17.11,
p< 0.001) on walking speed. 0is indicates that the younger
and older adults were affected differently by the walking
pace. 0e simple effect analysis showed that the average gait
speed increased significantly from the “slow” to the “fast”
pace in both age groups (p< 0.001). 0e younger partici-
pants walked significantly faster than the older participants
at normal (p � 0.011) and fast paces (p< 0.001).

(2) Stride Frequency. 0ere was a significant interaction
between age group and walking pace (F(2,108) � 18.84,
p< 0.001) on stride frequency. 0is indicates that the stride
frequencies of the younger and older groups were affected
differently by the walking pace. 0e simple effect analysis
showed that the stride frequency increased significantly from
the “slow” to the “fast” pace in both age groups (p< 0.001).
0e younger participants walked with significantly higher
stride frequency than the older participants at fast pace
(p< 0.001).

(3) Stride Length. 0e interaction effect between the walking
pace and the age group was not significant (F(2,108) � 0.42,
p � 0.661) on stride length. Average stride length increased
significantly as walking pace increased (F(2,108) � 154.27,
p< 0.001). 0e LSD post hoc test indicated that there was
significant difference in stride length for all pairwise com-
parisons (p< 0.001). 0e younger participants had a sig-
nificantly longer average stride length compared with the
older participants (F(1,54) � 5.88, p< 0.019).

4.2.2. Effect of Age and Walking Pace on Acceleration
Patterns

(1) Stride Regularity. 0e interaction effect between the
walking pace and the age group was not significant (F(2,108) �

0.084, p � 0.919) on stride regularity. 0e walking pace
(F(2,108) � 1.03, p � 0.359) and age (F(1,54) � 1.10, p � 0.298)
had no significant effect on the stride regularity.

(2) Stride Time Variability. 0e interaction effect between the
walking pace and the age group was not significant (F(2,108) �

0.27, p � 0.761) on stride time variability. 0e walking pace
(F(2,108) � 2.90, p � 0.059) and age (F(1,54) � 0.94, p � 0.337)
had no significant effect on the stride time variability. Stride
time variability was relatively low in the “normal-pace”
walking trial compared with that of the other conditions.

(3) Anteroposterior (AP) RMS. AP RMS indicates the mag-
nitude of the acceleration in the anteroposterior direction.
0e interaction effect between the walking pace and age
group was not significant (F(2,108) � 1.37, p � 0.257) on AP
RMS. AP RMS increased as the walking pace increased
(F(2,108) � 1094.52, p< 0.001). 0e LSD post hoc test in-
dicated that there was significant difference in AP RMS for
all pairwise comparisons (p< 0.001). 0e acceleration pat-
terns of the younger participants had significantly higher AP
RMS compared with the older participants (F(1,54) � 23.61,
p< 0.001).

(4) Mediolateral (ML) RMS. ML RMS indicates the mag-
nitude of the acceleration in the mediolateral direction.

Table 2: Mean (95% CI) of gait parameters of younger and older
adults under different walking paces (N � 56).

Gait parameters Younger (N � 28) Older (N � 28)
Gait speed (m/s)
Slow 1.01 (0.93–1.09) 0.97 (0.89–1.05)
Normal 1.34 (1.26–1.41) 1.19 (1.12–1.27)
Fast 1.79 (1.70–1.89) 1.46 (1.36–1.55)
Stride frequency (Hz)
Slow 0.81 (0.78–0.85) 0.84 (0.81–0.88)
Normal 0.97 (0.94–1.00) 0.93 (0.91–0.96)
Fast 1.15 (1.11–1.20) 1.02 (0.97–1.06)
Stride length (m)
Slow 1.24 (1.17–1.31) 1.14 (1.08–1.21)
Normal 1.40 (1.33–1.47) 1.29 (1.22–1.35)
Fast 1.57 (1.49–1.65) 1.44 (1.37–1.52)
Stride regularity
Slow 0.79 (0.75–0.83) 0.81 (0.77–0.85)
Normal 0.81 (0.78–0.83) 0.82 (0.80–0.85)
Fast 0.79 (0.76–0.82) 0.80 (0.77–0.83)
Stride time variability (%)
Slow 4.92 (4.10–5.74) 5.45 (4.63–6.27)
Normal 4.31 (3.49–5.13) 4.36 (3.54–5.18)
Fast 4.54 (3.90–5.20) 5.00 (4.36–5.65)
AP RMS (g)
Slow 0.36 (0.30–0.41) 0.20 (0.15–0.26)
Normal 0.46 (0.39–0.53) 0.24 (0.17–0.31)
Fast 1.57 (1.49–1.65) 1.44 (1.37–1.52)
ML RMS (g)
Slow 0.24 (0.21–0.26) 0.22 (0.20–0.24)
Normal 0.36 (0.31–0.40) 0.26 (0.21–0.31)
Fast 0.42 (0.37–0.50) 0.31 (0.26–0.36)
VT RMS (g)
Slow 0.30 (0.24–0.36) 0.41 (0.36–0.47)
Normal 0.44 (0.36–0.51) 0.51 (0.44–0.58)
Fast 0.58 (0.50–0.66) 0.61 (0.53–0.68)
Note. RMS, root mean square; AP, anteroposterior; ML, mediolateral; VT,
vertical.
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0ere was a significant interaction between age groups and
walking pace (F(2,108) � 4.19, p � 0.018) on ML RMS. As to
the younger group, there is a significant difference in ML
RMS between “slow” and “normal” pace (p < 0.001) or
between “slow” and “fast” (p< 0.001). As to the older group,
there is a significant difference in ML RMS between “slow”
and “fast” (p � 0.001). 0e ML RMS of the younger group
was significantly higher than that of the older group at
normal (p � 0.004) and fast paces (p � 0.005).

(5) Vertical (VT) RMS. VT RMS indicates the magnitude of
the acceleration in the vertical direction. 0e interaction effect
between the walking pace and age group was not significant
(F(2,108) � 1.41, p � 0.249). VT RMS increased significantly as
the walking pace increased (F(2,108) � 38.86, p< 0.001). 0e
LSD post hoc test indicated that there was significant differ-
ence in VT RMS for all pairwise comparisons (p< 0.001). Age
had no significant effect on VT RMS (F(1,54) � 3.45, p � 0.069).

4.2.3. Summary of Gait Assessment. 0e gait assessment
showed that walking pace had a significant influence on the
acceleration patterns collected by the motion sensor. 0e
RMS acceleration increased significantly as the walking pace
increased. Older participants usually presented a lower
magnitude of acceleration patterns in the anteroposterior
and mediolateral direction compared with the younger
participants, while the stride regularity and variability were

not significantly different. 0e AP RMS was significantly
correlated with the walking speed (Pearson r � 0.283, p< 0.05
for normal pace; r � 0.340, p< 0.01 for slow pace; and r �

0.798, p< 0.01 for fast pace). 0e gait assessment suggested
that the AP RMS acceleration could be a good proxy for
walking speed, which is considered as an important indicator
of older adults’ functional fitness [12, 13]. We were able to
observe the acceleration magnitude through the visualization
website without measuring distances. Moreover, the ac-
celeration patterns of ankle data may miss peaks at low
speed (Figure 4(b)). 0is was particularly the case for frail
older people who walked cautiously and slowly.

4.3. User Evaluation

4.3.1. Importance Rating of Acceptability Aspects of the
Motion-Sensing System. To understand the attitudes of the
participants towards the motion-sensing system, they were
asked to rate the importance of the acceptability aspects of
the motion-sensing system. For those older adults who had
difficulty in reading, the items of the questionnaire were
read aloud. 0e researchers explained the meanings of the
items to the older adults if they did not understand the
questions.

As presented in Table 6, the most important aspects for
older adults were as follows: the product will not harm the
body (mean � 6.2, SD � 1.3), accuracy of the measurement
result (mean � 6.2, SD � 1.1), and an expert can interpret the
result (mean � 6.0, SD � 1.1). Meanwhile, the personal data
not being observed by other people (mean � 3.6, SD � 1.7),
inconspicuousness of the bracelet (mean � 3.8, SD � 2.0), and
competing with others (mean � 3.9, SD � 2.0) were less
important to older adults.

Compared with younger participants, older participants
regarded “ability to learn how to use the bracelet” and
“family support” more important. Older adults regarded

Table 3: Interaction effects and main effects on gait parameters.

Gait parameters Walking pace Age Walking pace × age
Gait speed F(2,108) � 311.35, p< 0.001∗ F(1,54) � 11.49, p � 0.001∗ F(2,108) � 17.11, p< 0.001∗
Stride frequency F(2,108) � 174.87, p< 0.001∗ F(1,54) � 5.85, p � 0.019∗ F(2,108) � 18.84, p< 0.001∗
Stride length F(2,108) � 154.27, p< 0.001∗ F(1,54) � 5.88, p � 0.019∗ F(2,108) � 0.42, p � 0.661
Stride regularity F(2,108) � 1.03, p � 0.359 F(1,54) � 1.10, p � 0.298 F(2,108) � 0.084, p � 0.919
Stride time variability F(2,108) � 2.90, p � 0.059 F(1,54) � 0.94, p � 0.337 F(2,108) � 0.27, p � 0.761
AP RMS F(2,108) � 1094.52, p< 0.001∗ F(1,54) � 23.61, p< 0.001∗ F(2,108) � 1.37, p � 0.257
ML RMS F(2,108) � 30.87, p< 0.001∗ F(1,54) � 11.33, p � 0.001∗ F(2,108) � 4.19, p � 0.018∗
VT RMS F(2,108) � 38.86, p< 0.001∗ F(1,54) � 3.45, p � 0.069 F(2,108) � 1.41, p � 0.249
Note. RMS, root mean square; AP, anteroposterior; ML, mediolateral; VT, vertical. ∗Significant at the 0.05 level.

Table 4: Multiple comparisons of the walking pace in terms of the gait speed, stride frequency, and ML RMS.

Walking pace
Gait speed Stride frequency ML RMS

Younger Older Younger Older Younger Older
Slow vs. normal 0.33∗ 0.23∗ 0.15∗ 0.09∗ 0.12∗ 0.04
Normal vs. fast 0.46∗ 0.26∗ 1.84∗ 0.08∗ 0.07 0.05
Slow vs. fast 0.79∗ 0.49∗ 3.38∗ 0.17∗ 0.19∗ 0.09∗

Note. Numbers in the table are the difference in means. ∗Significant at the 0.05 level.

Table 5: Pairwise comparisons of the walking pace in terms of the
stride length, AP RMS, and VT RMS.

Walking pace Stride length AP RMS VT RMS
Slow vs. normal 0.15∗ 0.07∗ 0.12∗
Normal vs. fast 0.16∗ 1.15∗ 0.12∗
Slow vs. fast 0.31∗ 1.23∗ 0.24∗

Note. Numbers in the table are the difference in means. ∗Significant at the
0.05 level.
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“the product will not harm the body,” “accuracy of mea-
surement results,” “the cost of the bracelet,” “incon-
spicuousness of the bracelet,” and “protection of the privacy
of personal data” less important than younger participants.

4.3.2. Subjective Attitudes towards the Motion Sensor.
Regarding position to wear the motion sensor, both younger
and older adults preferred to wear the motion sensor on the
wrist rather than on the ankle, back, or sole (Figure 5). Other
positions suggested by the younger participants included the
upper arm (2 participants), lower arm (1), shoulder (1),
finger (1), and head (1).

In terms of the participants’ expectations of the motion
sensor, the most reported functions included the step
count (22 participants), heart rate (19), blood pressure
(18), disease detection and reminders (15), and gait bal-
ance (10), as presented in Figure 6. Older participants
tended to want to learn about chronic disease-related
statuses, such as blood pressure (11 participants), blood
glucose (5), cholesterol (3), cardiovascular disease (2),
gastric disease (1), and cancer (1). Most older participants
would like to learn “whether they are healthy or not.” But
two older participants argued that they were healthy and
that health monitoring was unnecessary. One older par-
ticipant stated “I do not wish to know my health status
because this may make me worry about whether I have any
health issues.” Nevertheless, younger participants would
like to be informed about step count (15), heart rate (13),
blood pressure (7), gait balance (7), workout status (5),
and sleep pattern (5). 0e diversity in responses was
mainly due to older and younger adults’ different health
levels.

Regarding the appearance of the motion sensors, seven
younger participants complained about the rectangular
shape and the broad wrist parts; they would prefer a
smoother appearance because it would make them feel
“smart” in terms of appearance. On the other hand, three
older participants mentioned they would accept the bracelet
more readily if it looked like a traditional wristwatch. Two

older participants suggested that it would be better if the
smart bracelet was equipped with a screen.

4.3.3. Subjective Attitudes towards the Visualization Website.
Regarding persons authorized to view the data, the partic-
ipants were interviewed about persons authorized to view
their gait data (themselves, family members, doctor, or
nurse). 0e mentioned frequency would be recorded. As
presented in Figure 7, older and younger participants showed
different attitudes towards the visualization website about
persons authorized to view the data (df � 3, χ2 � 25.664,
p< 0.001). An interesting finding is that older participants in
this study were more willing to share data with their family
members than younger participants. Twenty-two older par-
ticipants and all the younger participants thought that they
themselves should have the authority to view the health in-
formation. Nineteen older participants and only one younger
participant were willing to share their data with family
members. Regarding doctors, most of the older adults felt
worried about having a medical examination; therefore, they
said that they would not allow the doctors to view their health
data unless it were necessary. On the other hand, six older
participants and twenty-five younger participants trusted
doctors and hoped that doctors would make medical di-
agnoses and offer suggestions by utilizing the data collected
with the motion sensor.

Regarding privacy issues, thirteen younger participants
and five older participants expressed their concerns about
data privacy. Some younger participants felt unwilling to
publicize their data with their personal information attached
(e.g., facial features) but they were willing to publicize their
data anonymously for use in scientific research. Five older
participants were worried that the data could be utilized
illegally by other people. However, some participants did not
view gait information as a private form of data. Four older
participants mentioned that they hoped someone could view
the data and help interpret the results.

Regarding the data display form, most younger and older
participants thought the current form of visualization of the

Table 6: Mean (SD) of importance rating of factors in accepting the motion-sensing system (N � 56).

Items on acceptability of the motion-sensing system Younger (N � 28) Older (N � 28) p

0e product will not harm the body 6.8 (0.5) 6.2 (1.3) 0.010∗
Accuracy of measurement results 6.7 (0.5) 6.2 (1.1) 0.049∗
An expert can interpret the data for me 5.5 (1.6) 6.0 (1.1) 0.196
Familiarize myself with gait information 5.8 (1.2) 5.6 (1.7) 0.787
Changes in the gait pattern could be observed 5.6 (1.3) 5.5 (1.5) 0.705
My ability to learn how to use the bracelet 4.5 (1.8) 5.4 (1.7) 0.044∗
0e cost of the bracelet 5.5 (1.4) 4.7 (1.7) 0.029∗
Good appearance of the bracelet 4.9 (1.6) 4.6 (1.9) 0.603
Family support 3.6 (1.6) 4.6 (2.1) 0.029∗
I feel fashionable when wearing the bracelet 4.0 (1.8) 4.3 (2.0) 0.387
Remaining anonymous when using the product 4.9 (1.7) 4.0 (2.0) 0.087
I can see information about other people 3.5 (1.4) 4.0 (2.0) 0.239
I can compete with others 3.6 (1.5) 3.9 (2.0) 0.752
Inconspicuousness of the bracelet 5.2 (1.5) 3.8 (2.0) 0.007∗
Protection of the privacy of personal data 5.3 (1.7) 3.6 (2.0) 0.003∗

Note. 1, not important at all; 7, very important. ∗Significant at the 0.05 level.
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gait on a line chart was difficult to understand. Eight older
and eight younger participants mentioned that they pre-
ferred to see graphs combined with written reports to obtain

information about the results. 0ey perceived the feedback
of the gait assessment system as more like a professional
report with a graph, conclusion, and doctor’s advice.
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4.3.4. Intention to Use. At the end of the experiment,
participants were interviewed about their intention to use
the system. Participants had mixed opinions towards using
the system. Six older and three younger participants thought
they would use the motion-sensing system in daily life. 0e
reasons given by the participants were “understanding more
about my health status,” “I would like to know if I am making
progress or getting worse” (3 younger participants; 1 older
participant), “with such a product I can walk faster than
before” (1 older participant), “it could motivate me to exercise
more” (1 younger participant), “I can wear it as an accessory”
(1 older participant), and “it is fun using the motion sensor” (1
younger participant).

Eleven older and seven younger participants conveyed
that they would not use the system. 0e main reasons given
were as follows: “there is no need to track my health status
because I am healthy” (6 older participants; 2 younger
participants), “I tend to believe doctors rather than wearable
technologies” (6 older participants), “wearing the sensors
would be a burden. I will feel more comfortable without
wearing the sensor” (2 older participants; 3 younger par-
ticipants), “the size of the sensor is too large” (2 younger
participants), “the system could not record enough in-
formation. I expect it is a spectator with professional
knowledge” (2 younger participants).

Eleven older participants and fifteen younger partici-
pants said that their intention to use the system would
depend on the situation. 0e reasons given were as follows:
“it is only necessary if it can track health-related data” (6
older participants), “if there were someone guiding me on how
to use it, I would consider it” (3 older participants), “if I could
understand the results” (2 older participants), “I will only use
it during my leisure time, but I will not use it when I am busy
doing something” (2 older participants), “if the measurement
results are accurate” (1 younger participant), “I would trust
the reliability only if professional organizations endorsed such
a product” (1 older participant).

4.3.5. Suggestions to Improve the User Experience of the
System. Based on the user evaluations, we identified the
following design recommendations to improve the user
experience of the system:

(i) Older adults were interested in having more bio-
metric information such as blood pressure, blood
glucose, and cholesterol as well as gait information.
0eir information needs are strongly correlated
with their own health statuses.

(ii) Regarding the appearance of the bracelet, a soft
shape, such as that of a traditional wristwatch,
would be more favourable for older adults.

(iii) Real-time feedback should be displayed on the
bracelet interface. Preferably, the smart bracelet
should be equipped with a screen.

(iv) 0e interface of the data display should be improved
to enable users to understand the results better. For
example, a gait analysis report is required to explain

the results with graphs, conclusions, and medical
advice.

(v) To reduce users’ privacy concerns, identifiable
personal information such as facial features should
not be shown.

(vi) Older adults in this study were willing to share data
with their family members, therefore, involving
family members may facilitate the process of using
the system.

5. Conclusion

0is study suggested that it was feasible to conduct gait
assessment using a portable motion sensor on a smart
bracelet. We could place it on the ankle to measure gait
parameters. 0e visualization website could provide health-
related information about gait performance. For example,
stride frequency indicates the gait cycle; stride time vari-
ability is commonly considered as a fall-risk predictor [14].
Slow gait speed at the usual pace was considered as a pre-
dictor of adverse outcomes [9], which is reflected in an
acceleration pattern with lower amplitude (RMS accelera-
tion in this study). Stride regularity indicates the similarity of
the gait patterns. 0ese results could be used as gait in-
dicators for self-management.

Gonzálezlandero et al. [2] used a smart bracelet Sony 2
for measuring heart rate and Google Fit Application Pro-
gramming Interface for storing data and Android for
managing data, while this study have explored the use of the
smart bracelet to measure gait characteristics based on its
embeddedmotion sensor.0ese studies suggested that smart
bracelets could be applied to measure several body features
as health management indicators. 0e data could be stored
in the cloud for further analysis. Such features would benefit
older adults or rehabilitation patients as they could observe
any improvement or deterioration for a certain period, for
example, when they take exercises or conduct a re-
habilitation program.

0ere are several suggestions for improving the user
experience of the motion-sensing system. First, the ap-
pearance of the smart bracelet could be improved to increase
user acceptance. Older adults tend to relate the smart
bracelet to a traditional wristwatch. 0ey wanted to view
real-time feedback on the display. Second, both younger and
older adults found the visualization of gait information
difficult to understand because there was no summary to
provide information about the results. 0e interface of the
visualization website should be improved to enable users to
understand the results better. For example, a report on the
gait is necessary to explain the results with graphs, con-
clusions, and medical advice. In addition, we found that
most of the older adults were open to the idea of sharing
their gait information with their family members rather than
doctors or nurses. Family support is especially important for
older Chinese users, because Chinese people have in-
terdependent self-construal and tend to rely on each other
[26]. 0erefore, involving family members might facilitate
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use of the system among older adults. 0ese suggestions
could be of reference value for practitioners.

In conclusion, it is feasible to use portable motion
sensors on smart bracelets and smartphones to measure gait
characteristics. 0e user experience of the motion-sensing
system could be further enhanced by providing feedback on
the display of the smart bracelet, generating an analysis
report on the gait visualization website and involving family
members in data sharing for older adults.
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Heart disease is one of the most critical human diseases in the world and affects human life very badly. In heart disease, the heart is
unable to push the required amount of blood to other parts of the body. Accurate and on time diagnosis of heart disease is
important for heart failure prevention and treatment. 0e diagnosis of heart disease through traditional medical history has been
considered as not reliable in many aspects. To classify the healthy people and people with heart disease, noninvasive-based
methods such as machine learning are reliable and efficient. In the proposed study, we developed a machine-learning-based
diagnosis system for heart disease prediction by using heart disease dataset. We used seven popular machine learning algorithms,
three feature selection algorithms, the cross-validation method, and seven classifiers performance evaluation metrics such as
classification accuracy, specificity, sensitivity, Matthews’ correlation coefficient, and execution time. 0e proposed system can
easily identify and classify people with heart disease from healthy people. Additionally, receiver optimistic curves and area under
the curves for each classifier was computed. We have discussed all of the classifiers, feature selection algorithms, preprocessing
methods, validation method, and classifiers performance evaluation metrics used in this paper. 0e performance of the proposed
system has been validated on full features and on a reduced set of features. 0e features reduction has an impact on classifiers
performance in terms of accuracy and execution time of classifiers. 0e proposed machine-learning-based decision support
system will assist the doctors to diagnosis heart patients efficiently.

1. Introduction

0e heart disease (HD) has been considered as one of the
complex and life deadliest human diseases in the world. In
this disease, usually the heart is unable to push the required
amount of blood to other parts of the body to fulfill the
normal functionalities of the body, and due to this, ultimately
the heart failure occurs [1]. 0e rate of heart disease in the
United States is very high [2]. 0e symptoms of heart disease
include shortness of breath, weakness of physical body,
swollen feet, and fatigue with related signs, for example, el-
evated jugular venous pressure and peripheral edema caused
by functional cardiac or noncardiac abnormalities [3]. 0e
investigation techniques in early stages used to identify heart
disease were complicated, and its resulting complexity is one

of the major reasons that affect the standard of life [4]. 0e
heart disease diagnosis and treatment are very complex, es-
pecially in the developing countries, due to the rare avail-
ability of diagnostic apparatus and shortage of physicians and
others resources which affect proper prediction and treatment
of heart patients [5]. 0e accurate and proper diagnosis of the
heart disease risk in patients is necessary for reducing their
associated risks of severe heart issues and improving security
of heart [6]. 0e European Society of Cardiology (ESC) re-
ported that 26 million adults worldwide were diagnosed with
heart disease and 3.6 million were diagnosed every year.
Approximately 50% of heart disease people suffering from
HD die within initial 1-2 years, and concerned costs of heart
disease management are approximately 3% of health-care
financial budget [7].
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0e invasive-based techniques to the diagnosing of heart
disease are based on the analysis of the patient’s medical
history, physical examination report, and analysis of con-
cerned symptoms by medical experts. All these techniques
mostly cause imprecise diagnosis and often delay in the
diagnosis results due to human errors. Moreover, it is more
expensive and computationally complex and takes time in
assessments [8].

In order to resolve these complexities in invasive-based
diagnosing of heart disease, a noninvasive medical decision
support system based on machine learning predictive
models such as support vector machine (SVM), k-nearest
neighbor (K-NN), artificial neural network (ANN), decision
tree (DT), logistic regression (LR), AdaBoost (AB), Naive
Bayes (NB), fuzzy logic (FL), and rough set [9, 10] has been
developed by various researchers and widely used for heart
disease diagnosis, and due to these machine-learning-based
expert medical decision system, the ratio of heart disease
death decreased [11]. Heart disease diagnosis through the
machine-learning-based system has been reported in various
research studies. 0e classification performance of different
machine learning algorithms on Cleveland heart disease
dataset has been reported in the literature review. Cleveland
heart disease dataset is online available on the University of
California Irvine (UCI) data mining repository which was
used by various researchers [12, 13]. 0is is the dataset that
has been used by various researchers for investigation of
different classification issues related to the heart diseases
through different machine learning classification algorithms.

Detrano et al. [13] proposed a logistic regression classifier-
based decision support system for heart disease classification and
obtained a classification accuracy of 77%.0e Cleveland dataset
used [14] with global evolutionary approaches and achieved high
prediction performance in accuracy. 0e study used feature
selection methods for selection of features. 0erefore, the
classification performance of the approach depends on selected
features. Gudadhe et al. [15] used multilayer perceptron (MLP)
and support vector machine algorithms for heart disease clas-
sification. 0ey proposed classification system and obtained
accuracy of 80.41%. Kahramanli and Allahverdi [16] designed
a heart disease classification system used a hybrid technique in
which a neural network integrates a fuzzy neural network and
artificial neural network. And the proposed classification system
achieved a classification accuracy of 87.4%. Palaniappan and
Awang [17] designed an expert medical diagnosing heart disease
system and applied machine learning techniques such as Naive
Bayes, decision tree, and ANN in the system. 0e Naive Bayes
predictive model obtained performance accuracy 86.12%. 0e
second best predictive model was ANN which obtained an
accuracy of 88.12%, and decision tree classifier achieved 80.4%
with correct prediction.

Olaniyi and Oyedotun [18] proposed a three-phase
model based on the ANN to diagnose heart disease in an-
gina and achieved a classification accuracy of 88.89%.
Moreover, the proposed system could be easily deployed in
healthcare information systems. Das et al. [19] proposed an
ANN ensemble-based predictive model that diagnoses the
heart disease and used statistical analysis system enterprise
miner 5.2 with the classification system and achieved 89.01%

accuracy, 80.09% sensitivity, and 95.91% specificity. Jabbar
et al. [20] designed a diagnostic system for heart disease and
used machine learning classifier multilayer perceptron
ANN-driven back propagation learning algorithm and
feature selection algorithm. 0e proposed system gives ex-
cellent performance in terms of accuracy. In order to di-
agnose heart disease, an integrated decision support medical
system based on ANN and Fuzzy AHP were designed by the
authors in [12] which utilizes machine learning algorithm,
artificial neural network, and Fuzzy analytical hierarchical
processing. 0eir proposed classification system achieved
a classification accuracy of 91.10%.

0e contribution of the proposed research is to design
a machine-learning-based medical intelligent decision sup-
port system for the diagnosis of heart disease. In the present
study, various machines learning predictive models such as
logistic regression, k-nearest neighbor, ANN, SVM, decision
tree, Naive Bayes, and random forest have been used for
classification of people with heart disease and healthy people.
0ree feature selection algorithms, Relief, minimal-
redundancy-maximal-relevance (mRMR), Shrinkage and
Selection Operator (LASSO), were also used to select the most
important and highly correlated features that great influence
on target predicted value. Cross-validation methods like
k-fold were also used. In order to evaluate the performance of
classifier, various performance evaluation metrics such as
classification accuracy, classification error, specificity, sensi-
tivity, Matthews’ correlation coefficient (MCC), and receiver
optimistic curves (ROC) were used. Additionally, model
execution time has also been computed. Moreover, data
preprocessing techniques were applied to the heart disease
dataset. 0e proposed system has been trained and tested on
Cleveland heart disease dataset, 2016. UCI data-mining re-
pository the dataset of Cleveland heart disease is available
online. All the computations were performed in Python on an
Intel(R) Core™ i5-2400CPU @3.10GHz PC. 0e major
contributions of the proposed research work are as follows:

(a) All classifiers’ performances have been checked on
full features in terms of classification accuracy and
execution time.

(b) 0e classifiers’ performances have been checked on
selected features as selected by feature selection (FS)
algorithms Relief, mRMR, and LASSO with k-fold
cross-validation.

(c) 0e study suggests which feature algorithm is fea-
sible with which classifier for designing high-level
intelligent system for heart disease that accurately
classifies heart disease and healthy people.

0e remaining parts of the paper are structured as
follows: in Section 2, the background information re-
garding heart disease dataset briefly reviews the theo-
retical and mathematical background of feature selection
and classification algorithms of machine learning. It ad-
ditionally discusses cross-validation method and perfor-
mance evaluation metrics. In Section 3, experimental
results are discussed in detail. 0e final Section 4 is
concerned with the conclusion of the paper.
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2. Materials and Methods

0e following subsections briefly discuss the research ma-
terials and methods of the paper.

2.1. Dataset. 0e “Cleveland heart disease dataset 2016” is
used by various researchers [13] and can be accessed from
online data mining repository of the University of Cal-
ifornia, Irvine. 0is dataset was used in this research study
for designing machine-learning-based system for heart
disease diagnosis. 0e Cleveland heart disease dataset has
a sample size of 303 patients, 76 features, and some missing
values. During the analysis, 6 samples were removed due to
missing values in feature columns and leftover samples size
is 297 with 13 more appropriate independent input features,
and target output label was extracted and used for di-
agnosing the heart disease. 0e target output label has two
classes in order to represent a heart patient or a normal
subject. 0us, the extracted dataset is of 297∗13 features
matrix. 0e complete information and description of 297
instances of 13 features of the dataset is given in Table 1.

2.2. Methodology of the Proposed System. 0e proposed
system has been developed with the aim to classify people with
heart disease and healthy people.0e performances of different
machine learning predictive models for heart disease diagnosis
on full and selected features were tested. Feature selection
algorithms such as Relief, mRMR, and LASSO were used to
select important features, and on these selected features, the
performance of the classifiers was tested. 0e Cleveland heart
disease dataset has been implemented in several studies [13]
and is used in our study. 0e popular machine learning
classifiers logistic regression, K-NN, ANN, SVM, DT, and NB
were used in the system. 0e model’s validation and perfor-
mance evaluationmetrics were computed.0emethodology of
the proposed system structured into five stages including (1)
preprocessing of dataset, (2) feature selection, (3) cross-
validation method, (4) machine learning classifiers, and (5)
classifiers’ performance evaluation methods. Figure 1 shows
the framework of the proposed system.

2.2.1. Data Preprocessing. 0e preprocessing of data is
necessary for efficient representation of data and machine
learning classifier which should be trained and tested in an
effective manner. Preprocessing techniques such as re-
moving of missing values, standard scalar, and MinMax
Scalar have been applied to the dataset for effective use in the
classifiers. 0e standard scalar ensures that every feature has
the mean 0 and variance 1, bringing all features to the same
coefficient. Similarly, in MinMax Scalar shifts the data such
that all features are between 0 and 1. 0e missing values
feature row is just deleted from the dataset. All these data
preprocessing techniques were used in this research.

2.2.2. Feature Selection Algorithms. Feature selection is
necessary for themachine learning process because sometimes
irrelevant features affect the classification performance of the

machine learning classifier. Feature selection improves the
classification accuracy and reduces the model execution time.
For feature selection in our system, we used three well-known
FS algorithms and these algorithms select important features.

(1) Relief Feature Selection Algorithm. Relief is a feature
selection algorithm [21], which assigns weights to all the
features in the dataset and these weights can be updated with
passage of time. 0e important features to target have great
weights value, and the remaining features have small
weights. Relief uses the same techniques as in K-NN that
determines the weights of features (see Algorithm 1) [22].

0e pseudocode of Relief algorithm, the Relief algorithm
iterated throughm random training instances (Rk), was selected
without replacement, where m is parameter. For each k, Rk is
the “target” instance and the feature score vectorW is updated
[23].

(2) Minimal-Redundancy-Maximal-Relevance Feature Se-
lection Algorithm. 0e mRMR chooses those features that are
related to the target label. 0ese selected features might be re-
dundant variables which must be handled. 0e Heuristic search
method is used in mRMR and selects optimum features that
have maximum relevance and minimum redundancy. It checks
one feature at a cycle and computes pairwise redundancy. 0e
mRMR does not take care of the joint association of features
[24]. 0e pseudocode mRMR algorithm is described in [25]. In
this algorithm, main computation of mutual information (MI)
between two features is computed. 0is function is calculated
between each pair of features instead of many pairs of features;
being irrelevant to the last result, mRMR is not suitable for large
domain feature selection problems (see Algorithm 2).

(3) Least Absolute Shrinkage and Selection Operator. Least
absolute shrinkage and selection operator select features are
based on updating the absolute value of features coefficient.
Some coefficients values of features become zero, and these zero
coefficients features are eliminated from features subset. 0e
LASSOperforms excellently with low coefficients feature values.
0e features having high values of coefficients will be included
in selected feature subsets. In LASSO, some irrelevant features
may be selected and include a subset of selected feature [26].

2.2.3. Machine Learning Classifiers. In order to classify the
heart patients and healthy people, machine learning classi-
fication algorithms are used. Some popular classification al-
gorithms and their theoretical background are discussed
briefly in this paper.

(1) Logistic Regression. A logistic regression is a classification
algorithm [27–29]. For binary classification problem, in order
to predict the value of predictive variable y when y ∈ [0, 1], 0 is
negative class and 1 is positive class. It also uses multi-
classification to predict the value of y when y ∈ [0, 1, 2, 3].

In order to classify two classes 0 and 1, a hypothesis
h(θ) � θTX will be designed and threshold classifier output
is hθ(x) at 0.5. If the value of hypothesis hθ(x) ≥ 0.5, it will
predict y � 1 which mean that the person has heart disease

Mobile Information Systems 3



and if value of hθ(x)< 0.5, then predict y � 0 which shows
that the person is healthy.

Hence, the prediction of logistic regression under the
condition 0≤ hθ(x) ≤ 1 is done. Logistic regression sigmoid
function can be written as follows:

hθ(x) � g θT
X , (1)

where g(z) � 1/(1 + x−z) and hθ(x) � 1/(1 + x−z).
Similarly, the logistic regression cost function can be

written as follows:

Heart
disease
dataset

Cross-
validationmRMRData

preprocessing

Model
prediction

Logistic regression

K-NN

A-NN

SVM

DT

NB

Absence of
heart disease

Presence of
heart diseaseRelief

LASSO

Full features

Classifiers

Selected
features

Figure 1: A hybrid intelligent system framework predicting heart disease.

Table 1: Features information and description of Cleveland heart disease dataset 2016 [13].

S.
no. Feature name Feature

code Description Domain of values (min-
max)

1 Age AGE Age in years 30 < age < 77

2 Sex SEX Male � 1 1
Female � 0 0

3 Type of chest pain CPT

1 � atypical angina 1
2 � typical angina 2
3 � asymptomatic 3
4 � nonanginal pain 4

4 Resting blood pressure RBP mm Hg admitted at the hospital 94–200
5 Serum cholesterol SCH In mg/dl 120–564

6 Fasting blood sugar >120mg/dl FBS Fasting blood sugar >120mg/dl (1 � true; 0 �

false)
1
0

7 Resting electrocardiographic results RES
0 � normal 0

1 � having ST-T 1
2 � hypertrophy 2

8 Maximum heart rate achieved MHR — 71–202

9 Exercise-induced angina EIA 1 � yes 0
0 � no 1

10 Old peak � ST depression induced by
exercise relative to rest OPK — 0–6.2

11 Slope of the peak exercise ST segment PES
1 � up sloping 1

2 � flat 2
3 � down sloping 3

12 Number of major vessels (0–3) colored by
fluoroscopy VCA —

0
1
2
3

13 0allium scan THA
3 � normal 3

6 � fixed defect 6
7 � reversible defect 7
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J(θ) �
1
m



m

i�1
cost hθ x

(i)
 , y

(i)
 . (2)

(2) Support Vector Machine. 0e SVM is a machine learning
classification algorithm which has been mostly used for
classification problems [30–32]. SVM used a maximum
margin strategy that transformed into solving a complex
quadratic programming problem. Due to the high perfor-
mance of SVM in classification, various applications widely
applied it [4, 33].

In a binary classification problem, the instances are
separated with a hyperplane wTx + b � 0, where w and
d are dimensional coefficient vectors, which are normal to
the hyperplane of the surface, b is offset value from the
origin, and x is data set values. 0e SVM gets results of w

and b. w can be solved by introducing Lagrangian mul-
tipliers in the linear case. 0e data points on borders are
called support vectors. 0e solution of w can be written as
w � 

n
i�1αiyixi, where n is the number of support vectors

and yi are target labels to x. 0e value of w and b are
calculated, and the linear discriminant function can be
written as follows:

g(x) � sgn 
n

i�1
αiyix

T
i x + b⎛⎝ ⎞⎠. (3)

0e nonlinear scenario, for kernel trick and decision
function, can be written as follows:

g(x) � sgn 
n

i�1
αiyiK xi, x(  + b⎛⎝ ⎞⎠. (4)

0e positive semidefinite functions obey Mercer’s con-
dition as kernel functions [32].

(3) Naive Bayes. 0e NB is a classification supervised learning
algorithm. It is based on conditional probability theorem to
determine the class of a new feature vector. 0e NB uses the
training dataset to find out the conditional probability value of
vectors for a given class. After computing the probability
conditional value of each vector, the new vectors class is
computed based on its conditionality probability. NB is used
for text-concerned problem classification [34].

(4) Artificial Neural Network. 0e artificial neural network
is a supervised machine learning algorithm [35] and is

RELIEF Algorithm
Require: for each training instance set S, a vector of feature values and the class value

n⟵ number of training instances
a⟵ number of features

Parameter: m⟵ number of random training instances out of n used to update W
Initialize all feature weights W[A]: � 0.0

For k: � 1 to m do
Randomly select a “target” instance Rk

Find a nearest hit “H” and nearest miss (instances)
For A: � 1 to a do
W[A]: � W[A] − diff (A, Rk, H)/m + diff (A, Rk, M)/m
End for

End for
Return the weight vector W of feature scores that compute the quality of features

ALGORITHM 1: Pseudocode of the Relief algorithm.

mRMR Algorithm
Input: initial features, reduced features
0e initial feature is the number of features in original features set; reduced feature is the required number of features
Output: selected features; // numbers of selected features
For feature fi in initial features do

Relevance � mutual info (fi, class);
Redundancy � 0;
For feature fj in initial feature do
Redundancy ± mutual info (fi, fj);
End For
mrmrValue[fi] � relevance − redundancy;

End For
Selected features � sort (mrmrValues) take (reduced features);

ALGORITHM 2: Pseudocode for the mRMR algorithm.
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a mathematical model that integrates neurons that pass
messages. 0e ANN has three components including inputs,
outputs, and transfer functions. 0e input units take ex-
traordinary values and weights, which are modified during
the training process of the network.0e output of the artificial
neural network is calculated for the known class; the weight is
recomputed using the error margin between the output of
predicted and actual class. ANN is designed by the integration
of neurons. 0is different combination of neurons from
different structures is just like multilayer perception [36].

(5) Decision Tree Classifier. A decision tree is a supervised
machine learning algorithm [35, 37]. A decision tree shape is
just a tree where every node is a leaf node or decision node.0e
techniques of the decision tree are simple and easily under-
standable for how to take the decision. A decision tree contained
internal and external nodes linked with each other.0e internal
nodes are the decision-making part that makes a decision and
the child node to visit the next nodes.0e leaf node on the other
hand has no child nodes and is associated with a label.

(6) K-Nearest Neighbor. K-NN is a supervised learning
classification algorithm. K-NN algorithm [35] predicts the
class label of a new input; K-NN utilizes the similarity of new
input to its inputs samples in the training set. If the new
input is same the samples in the training set. 0e K-NN
classification performance is not good. Let (x, y) be the
training observations and the learning function h: X⟶ Y,
so that given an observation x, h(x) can determine y value.

2.2.4. Validation Method of Classifiers. We used k-fold
cross-validation (CV) method and four performance eval-
uation metrics in this research paper. 0e details are given in
following subsections:

(1) K-Fold Cross-Validation. In k-fold cross-validation, the
data set is divided into k equal size of parts, in which k − 1
groups are used to train the classifiers and remaining part is
used for checking outperformance in each step. 0e process of
validation is repeated k times. 0e classifier performance is
computed based on k results. For CV, different values of k are
selected. In our experiment, we used k � 10 because its per-
formance is good. In the 10-fold CV process, 90% data were
used for training and 10% data were used for testing purpose.
0e process was repeated 10 times for each fold of process, and
all instances in the training and test groups were randomly
divided over the whole dataset prior to selection training and
testing new sets for the new cycle. Lastly, at the end of the 10-
fold process, averages of all performancemetrics are computed.

2.2.5. Performance Evaluation Metrics. In order to check the
performance of the classifiers, various performance evalu-
ation metrics were used in this research. We used confusion
matrix, every observation in the testing set is predicted in
exactly one box. It is 2 × 2 matrix because there are 2 repose
classes. Moreover, it gives two types of correct prediction of
the classifier and two types of classifier of incorrect pre-
diction. Table 2 shows the confusion matrix.

From confusion matrix, we compute the following:

TP: predicted output as true positive (TP), we con-
cluded that the HD subject is correctly classified and
subjects have heart disease.
TN: predicted output as true negative (TN), we con-
cluded that a healthy subject is correctly classified and
the subject is healthy.
FP: predicted output as false positive (FP), we con-
cluded that a healthy subject is incorrectly classified
that they do have heart disease (a type 1 error).
FN: predicted output as false negative (FN), we con-
cluded that a heart disease is incorrectly classified that
the subject does not have heart disease as the subject is
healthy (a type 2 error).

1 shows that positive case means diseased, and 0 shows
that a negative case means healthy.

Classification accuracy: accuracy shows the overall
performance of the classification system as follows:

classification accuracy �
TP + TN

TP + TN + FP + FN
× 100%.

(5)

Classification error: it is the overall incorrect classifica-
tion of the classificationmodel which is calculated as follows:

classification error �
FP + FN

TP + TN + FP + FN
× 100%. (6)

Sensitivity: it is the ratio of the recently classified heart
patients to the total number of heart patients. 0e sensitivity of
the classifier for detecting positive instances is known as “true
positive rate.” In other words, we can say that sensitivity (true
positive fraction) confirms that if a diagnostic test is positive
and the subject has the disease. It can be written as follows:

Sensitivity(Sn)/recall/true positive rate �
TP

TP + FN
× 100%.

(7)

Specificity: a diagnostic test is negative and the person is
healthy and is mathematically written as follows:

specificity(Sp) �
TN

TN + FP
× 100%. (8)

Precision: the equation of precision is given as follows:

precision �
TP

TP + FP
× 100%. (9)

MCC: it represents the prediction ability of a classifier
with values between [−1, +1].

If the value of the MCC classifier is +1, this means the
classifier predictions are ideal. −1 indicates that classifiers

Table 2: Confusion matrix.

Predicted HD
patient (1)

Predicted healthy
person (0)

Actual HD patient (1) TP FN
Actual healthy person (0) FP TN
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produce completely wrong predictions.0eMCC value near
to 0 means that the classifier generates random predictions.
0e mathematical equation of MCC is as follows:

MCC �
TP × TN− FP × FN

�����������������������������������
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

 × 100%.

(10)

(1) ROC and AUC. 0e receiver optimistic curves analyze the
prediction capability of the machine learning classifiers used
for classification. ROC analysis is a graphical-based repre-
sentation which compares the “true positive rate” and “false
positive rate” in the classification results of machine learning
algorithm. AUC characterizes the ROC of a classifier. 0e
larger the value of AUC is, the more effective the perfor-
mance the classifier will be.

3. Experimental Results and Discussion

0is section of the paper involved the discussion on the
classificationmodels and outcomes fromdifferent perspectives.
First, we checked the performance of different machine
learning algorithms such as logistic regression, k-nearest
Neighbor, artificial neural network, support vector machine,
Naive Bayes, and decision tree on Cleveland heart disease
dataset on full features. In the second, we used feature selection
algorithm Relief, mRMR, and LASSO for important features
selection. In third classifiers, performances were checked on
selected features. Also, the k-fold cross-validation method was
used. In order to check the performance of classifiers per-
formance evaluation metrics were applied. All features were
normalized and standardized before applying to classifiers. All
computations were performed in Python on an Intel(R) Core™
i5 -2400CPU @3.10GHz PC.

3.1. Result of Selected Features by Relief Feature Selection
Algorithm. Relief [38], FS algorithm, selects important
features on the basis of features weight. 0e most important
6 features were selected by Relief are given in Table 3. 0e
rank of features on which the features are selected is shown
in Figure 2. According to the results, the most important
features for the diagnosis of heart disease are THA and EIA.
We performed experiments on different numbers of selected
features but the performances of classifiers on 6 features
were very good that we only reported the performance of
classifiers on 6 features in our simulation results. Addi-
tionally, only six important feature information and de-
scriptions are tabulated in the paper. Table 3 shows the
important selected features.

Figure 2 shows the ranking of important features by
Relief.

3.2. Result of Selected Features by mRMR Feature Selection
Algorithm. 0e selected important 6 features by mRMR FS
based onmutual information are represented in Table 4. Also,
Figure 3 shows the important features rank. In scores graph,
chest pain is an important feature for heart disease prediction.
We performed experiments on different numbers of selected

features but the performances of classifiers on 6 features were
very good. 0erefore, we only reported the performance of
classifiers on 6 features in our simulation results. Table 4
shows important selected features by mRMR FS algorithm.

Figure 3 shows the important features selected by
mRMR.

3.3. Result of Selected Features by LASSO Features Selection
Algorithm. 0e LASSO selects highly related features to
target as true and the remainder as false. 0e LASSO ranks
the important features. In Table 5, the six important features
are listed because the classifiers performances were excellent
on these features. Table 5 shows the important selected
features.

Figure 4 shows the important features selected by LASSO
FS algorithm.

0e important features score are presented in Figure 4
with features scores. 0ese three tables show the important
features for the diagnosis of heart disease. Moreover, FBS has
a low score in important features scores so it means that FBS
features have no influence on the prediction of heart disease,
and additionally, three feature selection algorithms have not
been selected for heart disease diagnosis which has been
shown in Figures 2–4, respectively.

3.4. Results of K-Fold Cross-Validation for Classifiers Per-
formance on Full Features (n � 13). In this experiment, the
full features of the dataset were checked on seven machine
learning classifiers with 10-fold cross-validation methods. In
10-fold CV, 90% was used for training the classifiers and
only 10% was tested. Finally, the average metrics of 10-fold
methods were computed. Moreover, different parameters
values were passed through classifiers. Table 6 describes the
10-fold cross-validation results of seven classifiers with full
features.

In Table 6, the logistic regression showing good per-
formance that has 84% classification accuracy, 85% speci-
ficity, 83% sensitivity, 89% MCC, and 84% AUC. 0e
specificity value of logistic regression was 85% showing the
probability that a diagnostic test was negative, and the
person does not have the heart disease. Moreover, 83%
sensitivity shows the probability that the diagnostic test
positive and MCC was 89%.

For the K-NN classifier, we performed experiments with
different values of k � 1, 3, 5, 9, and 13. However, at k � 9, the

Table 3: Features selected by Relief algorithm and their ranking.

Order Feature Feature name Feature
code Scores

1 13 0allium scan THA 0.247
2 9 Exercise-induced angina EIA 0.227
3 3 Type of chest pain CPT 0.217

4 11 Slope of the peak exercise ST
segment PES 0.131

5 12 Number of major vessels (0–3)
colored by fluoroscopy VCA 0.128

6 8 Maximum heart rate MHR 0.123

Mobile Information Systems 7



performance of K-NN was excellent as shown in Figure 5.
0e artificial neural network was trained on different
number of inputs and hidden neurons, and then it produced
output. After this, with 13 inputs, 16 hidden neurons units,
and the last layer having 2 units, it gives output. 0e ANN
classifier achieved 73% accuracy, 74% specificity, and 73%
sensitivity. 0e SVM kernel RBF at C � 100 and g � 0.0001
has 88% specificity, 78% sensitivity, and 86% accuracy.
Similarly, SVM using linear kernel has the best specificity

78%, sensitivity 75%, and accuracy 75%. 0e NB was the
second best classifier that has specificity 87%, sensitivity 78%,
and accuracy 84%. 0e decision tree has specificity 76%,
sensitivity 68%, and accuracy 74%. 0e decision tree has 74%
accuracy, 76% specificity, and 68% sensitivity. 0e random
forest classifier with classification accuracy 83%, specificity
70%, and sensitivity 94% is given. Figure 5 shows the clas-
sification performance of K-NN with different values of k.

Figure 6 shows the performance of classifiers with 10-
fold CV on full features.

As shown in Figure 6, the performance of SVM out-
performed to the other five classifiers in term of accuracy,
sensitivity, and specificity. 0e predictive accuracy of SVM
(RBF) was 86%, sensitivity 78%, and specificity 88%. 0e
second important classifier was NB which has specificity
87%, sensitivity 78%, and classification accuracy 83%. 0e
worst performance was observed for ANN out of five
classifiers in terms of accuracy, sensitivity, and specificity
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Figure 2: Important features selected by Relief FS.

Table 4: Features selected by mRMR algorithm and their ranking.

Order Feature Feature name Feature code Score
1 3 Type chest pain CPT 0.590
2 5 Serum cholesterol SCH 0.575
3 11 SlopofST PES 0.574
4 12 Fluoroscopy VCA 0.542
5 2 Sex SEX 0.523
6 13 0allium scan THA 0.486
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Figure 3: Important features selected by mRMR FS algorithm.

Table 5: Important features selected by LASSO FS algorithm.

Order Feature Feature name Feature code Score
1 2 Sex SEX 0.15
2 12 Fluoroscopy VCA 0.14
3 9 EIAgina EIA 0.13
4 3 Type chest pain CPT 0.10
5 11 SlopofST PES 0.08
6 13 0allium scan THA 0.08
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which were 73%, 73%, and 74%, respectively. Figure 7 shows
the classifiers processing time in seconds with 10-fold CV.

In Figure 7, the processing time of each classifier in
which SVM processing time was 15.234 seconds which is
computationally very fast as compared with other classifiers

is shown. Figure 8 shows the AUC values of different
classifiers with k-fold CV.

AUC for both training and testing of SVM was 86%
and 85%, respectively, which shows that SVM covered 86%
and 85% area which was greater as compared with other
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Figure 4: Important features scores and ranks selected by LASSO.

Table 6: 10-fold CV classification performance evaluation of different classifiers on Cleveland heart disease dataset on full features.

Predictive model
Classifiers performance evaluation metrics

Accuracy (%) Specificity (%) Sensitivity (%) MCC AUC (%) Processing time (s)
Logistic regression (C � 10) 84 85 83 89 84 19.213
K-nearest neighbor (K-NN, K � 9) 76 74 73 76 73 29.400
Artificial neural network (13, 16, 2) 74 73 74 50 69 21.600
SVM (kernel � RBF, C � 100, g � 0.0001) 86 88 78 85 86 15.234
SVM (kernel � linear) 75 78 75 78 74 18.239
Naive Bayes 83 87 78 80 84 34.101
Decision tree 74 76 68 75 76 21.911
Random forest (100) 83 70 94 82 83 15.121
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Figure 5: Performance of K-NN on different values of k.
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classifiers. 0e larger value of AUC shows the more effective
performance of classifiers.0e AUC of classifiers is shown in
Figure 8.

3.5. Results of K-Fold Cross-Validation (k � 10) Classifier
Performance on Selected Features (n � 6) by Relief FS
Algorithm. In this experiment, selected features by Relief FS
algorithm were checked on seven machine learning classi-
fiers with 10-fold cross-validation methods. In 10-fold CV,
90% was used for training the classifiers and only 10% was
tested. Finally, the average metrics of 10-fold methods were
computed. Moreover, different parameters values were
passed through classifiers. Initially, we trained and tested the

classifiers with the most important 3 features; second time,
we fed 4 features, then 6 important features, similarly fed 8,
10 important features; and finally, we used 12 important
features. 0e performances of classifiers were pretty good on
6 important features. Hence 7 tables for 10-fold cross-
validation were formed but we only described the perfor-
mance of classifiers on 6 important features in Table 7. And
for better demonstration of results, some graphs have been
created for classification accuracy, specificity, sensitivity,
MCC, and processing time.0ese performance metrics were
computed automatically.

According to Table 7, the logistic regression at hyper-
parameters C � 100 showed a very good performance,
and 89% accuracy, 98% specificity, and 77% sensitivity were
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Figure 6: Performance of different classifiers with 10-fold CV on full features.
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obtained along with 89% MCC. 0e AUC value of logistic
regression is 88%, and the processing time is 16.111 seconds.
0e performance at C � 0.001 logistic regression obtained an
accuracy of 74%, 98% specificity, and 47% sensitivity along
with 72% MCC. Moreover, the AUC value of logistic re-
gression was 73%, and the processing time was 16.233
seconds.

For K-NN, we fed different values of K � 1, 3, 7, 9, and 13
but at k � 1 the K-NN shows good performance with 88%
accuracy at computation time 24.400 seconds. However, at
k � 13, the K-NN performance was not good. 0e artificial
neural networks were formed as multilayer perceptron

(MLP), and in MLP, a different number of hidden neurons
were used. At 16 hidden neurons, the MLP gives good re-
sults. ANN obtained 77% accuracy at 16 hidden neurons,
and at 20 hidden neurons, poor performance was observed.

0e performance of SVM (RBF) at C � 100 and g �

0.0001 was good as compared to other values of C and g as
shown in Table 7. SVM (kernel � RBF) obtained accuracy
87%, specificity 95%, sensitivity 78%, MCC 86%, and AUC
87%. 0e computational time was 14.134 seconds. SVM
(kernel � linear) at C � 100 and g � 0.0001 obtained accuracy
80%, specificity 98%, and sensitivity 60% with computa-
tional time 18.222 seconds. 0e NB obtained classification
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Figure 8: 0e AUC of different classifiers.

Table 7: 10-fold CV Classification performance of different classifiers on selected features by Relief FS algorithm when n � 6.

Predictive model
Classifiers performance evaluation metrics

Turning parameters Accuracy (%) Specificity (%) Sensitivity (%) MCC AUC (%) Processing time (s)

Logistic regression

C � 1 88 98 76 88 87 16.213
C � 10 87 98 76 88 87 16.200
C � 100 89 98 77 89 88 16.111
C � 0.001 74 98 47 72 73 16.233

K-nearest neighbor

K � 1 80 73 78 80 80 24.400
K � 3 75 80 72 76 76 24.500
K � 7 74 78 71 75 75 24.600
K � 9 73 78 70 75 73 24.611
K � 13 70 69 71 70 71 21.777

Artificial neural network 16 77 2 100 50 69 21.600
20 54 96 5 50 68 22.101

SVM (kernel � RBF)
C � 100, g � 0.0001 87 95 78 86 87 14.134
C � 1, g � 0.01 79 82 81 79 80 14.139
C � 10, g � 0.001 75 84 68 76 77 14.255

SVM (kernel � linear) C � 10, g � 0.0001 78 95 55 78 74 18.139
C � 100, g � 0.0001 80 97 60 79 79 18.222

Naive Bayes — 85 87 78 80 84 34.101

Decision tree 100 74 85 66 75 76 20.911
500 73 84 65 74 74 20.899

Random forest
100 83 93 70 82 83 15.121
50 85 94 74 82 84 14.330
25 82 94 70 82 82 14.199
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accuracy of 85%, specificity 87%, and sensitivity 78% with
processing time 34.101 seconds. We applied 100 and 500
trees for ensemble classifiers. 0e ensemble with 100 gives
74% accuracy, 85% specificity, 66% sensitivity, and 75%
MCC. 0e computational time was 20.911 seconds. 0e
performance of ensemble at 500 was little poor and obtained
73% accuracy, 84% specificity, and 65% sensitivity, and
processing time was 20.889 seconds. For random forest, 100,
50, and 25 iterations were applied. At 100, accuracy 83%,
specificity 93%, sensitivity 70%, and MCC 82% were ob-
tained. 0e AUC value at 100 was 83%. 0e processing time
was 15.121 seconds. 0e random forest at 50 has very pretty
good performance and obtained classification accuracy of
85%, specificity of 94%, sensitivity of 74%, and MCC of 82%,
and AUC was 84%. Table 7 show the 10-fold CV classifiers
performance on selected features by Relief FS algorithm.

Figure 9 shows the performance of classifiers on 6 im-
portant selected features by Relief FS with 10-fold CV.

As shown in Figure 9, the classification accuracy of
logistic regression atC � 100 was 89% at 6 important features
at 10-fold cross-validation with respect to other classifiers.
0e SVM (kernel � RBF at C � 100, g � 0.0001) was the
second best classifier and obtained 87% accuracy, the SVM
(kernel � linear at c � 100, g � 0.0001) obtained 80% ac-
curacy. 0e accuracy of K-NN at k � 1 was 80%. 0e ANN
obtained classification accuracy of 77% at 16 hidden neu-
rons. 0e NB accuracy was pretty good, 85%. DTaccuracy at
100 was 74%. 0e random forest accuracy is 85%. So from
Figure 9, logistic regressions at 6 important features give
better results as compared to other classifiers. 0e specificity
of logistic regression is 98% which is high among others
classifiers; SVM (RBF) specificity is 95%; and SVM linear
specificity values is 97%. Moreover, the lowest specificity of
ANN was 2%. K-NN at k � 1 has specificity of 73%. DT and
random forest have 85% and 94% specificity, respectively.
0e sensitivity of ANN was 100%; logistic regression has
77%, K-NN sensitivity was 78%.0e poor sensitivity of SVM
(linear) was 55%. Figure 10 shows the ACU values of
classifiers of 6 important features selected by Relief FS with
10-fold CV.

0e ROC AUC values of classifiers at 6 important fea-
tures are also shown in Figures 10. 0e AUC values of lo-
gistic regression and SVM (RBF) are 88% and 87%,
respectively, which are large as compared to other classifiers.
DT and K-NN have poor AUC values 76% and 69%, re-
spectively. Figure 11 shows the processing time of classifiers
at six important features selected by Relief with 10-fold CV.

0e processing time of classifiers on six important
features by Relief at suitable classifiers parameters is shown
in Figure 11. 0e logistic regression processing time was
16.111 seconds. SVM (RBF) has processing time of 14.134
seconds, and random forest processing time was 14.333
seconds. 0e processing time of these three classifiers was
lower and K-NN, DT, and NB processing time were 24.400
seconds, 20.911 seconds, and 34.101 seconds, respectively.
Figure 12 shows MCC of classifiers at six important features
selected by Relief with 10-fold CV.

0e MCC of different classifiers on six important fea-
tures was excellent as shown in Figure 12. According to

Figure 12, logistic regression and SVM (RBF) had highMCC
values while ANN and DT were lowest MCC values on six
important features by Relief with 10-fold cross-validation.
Table 7 shows 10-fold CV of classifiers with selected features
by Relief.

3.6. Results with K-Fold Cross-Validation of Classifiers Per-
formance onSelectedFeatures (n � 6) bymRMRFSAlgorithm.
In this experiment, the selected features by mRMR FS al-
gorithm were checked on seven machine learning classifiers
with 10-fold cross-validation methods. In 10-fold CV, 90%
was used for training the classifiers and only 10% was tested.
Finally, the average metrics of 10 folds were computed.
Moreover, different parameters values were passed through
classifiers. Firstly, we trained and tested the classifiers with
the important 3 features; second time, we fed 4 features, then
6 important features, similarly fed 8, 10 important features;
and finally, used 12 important features. 0e performance of
classifiers was good enough on 6 important features. Hence,
8 tables for 10-fold cross-validation were formed, but in this
paper, we only described the performance of classifiers on 6
important features in Table 8 because the overall perfor-
mance of classifiers at 6 important features was good as
compared to the performance on experiments on 3, 4, 8, 10,
and 12 important features. For better demonstration of the
results, some graphs have been created for classification
accuracy, specificity, sensitivity, MCC, processing time, and
ROC AUC. All these performance metrics were computed
automatically. Table 8 shows the 10-fold CV classification
performance of different classifiers on selected features by
mRMR FS algorithm.

From Table 8, the logistic regression at hyperparameters
C � 100 was a very good performance, and 78% accuracy,
88% specificity, and 67% sensitivity were obtained along
with 78% MCC. 0e AUC value of logistic regression was
79%, and processing time was 2.159 seconds, while other
values of C performance were not good. For K-NN, we fed
different values of K � 1, 3, and 7 but at k � 7, K-NN shows
good performance with 62% accuracy and computation time
was 10.144 seconds. However, at k � 3, the K-NN perfor-
mance is not good. 0e artificial neural networks were
formed as MLP, and in MLP, a different number of hidden
neurons were used. At 16 hidden neurons, the MLP gives
good results. ANN obtained 63% accuracy at 16 hidden
neurons, and at 20 hidden neurons, poor performance was
observed and 47% accuracy was obtained.

0e performance of SVM (RBF) at C � 100 and g �

0.0001 was good as compared to other values of C and g as
shown in Table 8. SVM (kernel � RBF) obtained accuracy
77%, specificity 88%, sensitivity 65%, MCC 76%, and AUC
77%. 0e computational time was 60.589 seconds. SVM
(kernel � linear) at C � 100 and g � 0.0001 obtained accuracy
70%, specificity 100%, sensitivity 35%, and MCC 71% with
computational time 10.179 seconds. 0e NB obtained
classification accuracy 84%, specificity 90%, sensitivity 77%,
and MCC 83% with processing time 1.596 seconds. We
applied 100 and 50 trees for ensemble classifiers. 0e en-
semble with 100 gives 57% accuracy, 55% specificity, 60%
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sensitivity, and 58%MCC.0e computational time was 1.902
seconds. 0e performance of ensemble at 50 was good and
obtained 60% accuracy, 54% specificity, and 67% sensitivity,
and processing time was 1.831 seconds. For random forest,
100 and 50 iterations were applied. At 100, accuracy 66%,
specificity 69%, sensitivity 62%, andMCC 66%were obtained.
0eAUC value at 100 was 65%.0e processing timewas 1.100
seconds. 0e random forest at 50 shows pretty good per-
formance and classification accuracy 67%, specificity 70%,
sensitivity 62%, and MCC 66% were obtained, and AUC was
68%. 0e computational time was 2.220 seconds. Figure 13
shows the performance of classifiers on six important features
selected by mRMR FS algorithm with 10-fold CV.

As shown in Figure 13, the classification accuracy of
logistic regression at C � 100 is 78% for 6 features of 10-fold
cross-validation. 0e SVM (kernel � RBF at C � 100 and g �

0.0001) obtained 77% accuracy; the SVM (kernel � linear
at C � 100 and g � 0.0001) obtained 70% accuracy. 0e
accuracy of K-NN at k � 7 was 62%. 0e ANN obtained

classification accuracy 63% at 16 hidden neurons. 0e NB
accuracy was 84% which is as compared with other classi-
fiers. DT accuracy at 100 was 57% while on 50 it was 60%.
0e random forest accuracy is 67%. Figure 13 shows that NB
classification accuracy at 6 features give better results as
compared with other classifiers. 0e specificity and sensi-
tivity of logistic regression was 88% and 66% at C � 100,
respectively. SVM (RBF) atC � 100 and g � 0.0001 specificity
and sensitivity were 88% and 65%, respectively. SVM linear
specificity was 100% and sensitivity was 35%. Moreover, the
specificity of ANN was 67% and sensitivity was 58% at 16
hidden neurons. K-NN at k � 7 specificity was 73% and
sensitivity was 61%. DT at 50 has specificity and sensitivity
54% and 67%, respectively. Random forest at 50 iterations
has 70% and 62% specificity and sensitivity, respectively.
Lastly, the best classifiers in terms of accuracy was NB and
has accuracy 84%, in terms of specificity, SVM linear at C �

100 and g � 0.0001 was good and obtained 100% and
sensitivity of ANN was 98% as compared with other
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Figure 9: Performance of classifiers on six important selected features by Relief FS with 10-fold CV.
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Figure 10: ACU values of classifiers of six important features selected by Relief FS with 10-folds CV.
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classifiers at 6 important features selected by mRMR FS.
Figure 14 shows the AUC of Classifiers on six important
features selected by mRMR FS algorithm with 10-fold CV.

0e ROC AUC values of classifiers at 6 features are
shown in Figures 14. 0e AUC value of logistic regression,
SVM (RBF), and NB were 79%, 77%, and 84%, respectively,
which were large as compared with other classifiers. DT,
K-NN, and ANN had poor AUC values of 61%, 65%, and
66%, respectively.0e ROCAUC of Naive Bayes was 84% on
selected features with k folds cross-validation as compared
with other classifiers. Figure 15 shows the processing time of
classifiers on selected feature s by mRMR with 10-fold CV.

0e computational time of classifiers on the six important
features by mRMR FS algorithm with suitable classifiers
parameters is shown in Figure 15. 0e logistic regression
processing time was 2.159 seconds. SVM (RBF) has pro-
cessing 60.589 seconds, and random forest processing time

was 2.222 seconds. DTprocessing time was 1.831 seconds, and
NB time was 1.596 seconds. 0e processing time of SVM
(RBF) was large as compared to other classifiers. 0e lowest
processing time of NB was 1.596 seconds as compared to
other classifiers. Figure 16 showsMCC of classifiers at selected
features by mRMR FS algorithm with 10-fold CV.

0e MCC of different classifiers at 6 features was ex-
cellent as shown in Figure 16. According to the graph, the
logistic regression MCC value was 78%. 0e K-NN MCC at
k � 7 was 62 which is same aANN. SVM (RBF) MCC was
76%, and SVM (Linear) MCC was 68%. 0e NB, DT, and
random forest MCC were 83%, 60%, and 66%, respectively.
0e high value of MCC shows better performance of clas-
sifiers. 0erefore, the performance of NB was good, and it’s
MCC was 83% at selected features by mRMR feature se-
lection algorithm. Logistic regression and SVM (RBF)
performances were also good on reduced features.
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Figure 12: MCC of classifiers at six important features selected by Relief with 10-fold CV.
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Figure 11: Processing time of classifiers on six important features selected by Relief with 10-fold CV.
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3.7. Results of K-Fold Cross-Validation (k � 10) Classifiers
Performance on Selected Features (n � 6) by LASSO FS
Algorithm. In this section, the selected features by LASSO
feature selection algorithm were checked on seven machine
learning classifiers with 10-fold cross-validation method. In
10-fold CV, 90% was used for training the classifiers and 10%
was used for testing. Finally, the average metrics of 10-fold
methods were computed. Moreover, different parameters
values were passed through classifiers. Firstly, we used 3
features; second time, we fed 4 features and then 6 features,
similarly 8, 10 important features; and finally, we used 12
important features. 0e performances of classifiers were good
on 6 features. Hence, 8 tables for 10-fold cross-validation were
formed but we only described the performance of classifiers
on 6 important features in Table 9, because the overall per-
formance of classifiers at 6 important features was good as

compared with the performance of 3, 4, 8, 10, and 12 im-
portant features. For better demonstration of results, some
graphs have been created. Additionally, performance evalu-
ationmetrics were computed automatically. Table 9 shows 10-
fold CV classification performance of different classifiers on
selected features by LASSO FS algorithm.

According to Table 9, logistic regression at hyper-
parameters C � 10 obtained 87% accuracy, 96% specificity,
and 76% sensitivity along with 87% MCC. 0e AUC of
logistic regression was 88%, and the processing time was
0.008 seconds, while other values of C performance were not
as good as compared to C � 10. We used different values of
k � 1, 3, 5, and 7 for K-NN but at k � 1, K-NN shows good
performance with 85% accuracy, 94% specificity, 74% sen-
sitivity, and 84% MCC, and computation time was 0.0002
seconds. However, at k � 7, the K-NN performances were
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Figure 13: Performance of classifiers on six important features selected by mRMR FS algorithm with 10-fold CV.

Table 8: 10-fold CV classification performance of different classifiers on selected features by mRMR FS algorithm when n � 6.

Predictive model
Classifiers performance evaluation metrics

Turning parameters Accuracy (%) Specificity (%) Sensitivity (%) MCC AUC (%) Processing time (s)

Logistic regression
C � 1 74 82 66 74 74 2.313
C � 10 75 82 67 74 75 2.352
C � 100 78 88 67 78 79 2.159

K-nearest neighbor
K � 1 57 57 58 57 63 1.784
K � 3 56 56 55 56 55 1.742
K � 7 62 62 61 62 65 10.144

Artificial neural network 16 63 67 58 62 66 30.802
20 47 4 98 51 50 23.483

SVM (kernel � RBF) C � 100, g � 0.0001 77 88 65 76 77 60.589
C � 10, g � 0.001 66 71 60 65 67 59.132

SVM (kernel � linear) C � 10, g � 0.0001 58 23 70 60 59 12.567
C � 100, g � 0.0001 70 100 35 68 71 10.179

Naive Bayes — 84 90 77 83 84 1.596

Decision tree 100 57 55 60 58 57 1.902
50 60 54 67 60 61 1.831

Random forest 100 66 69 62 66 65 1.121
50 67 70 62 66 68 2.220
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not as good as compared with k � 1. 0e artificial neural
networks were formed as MLP, and in MLP, a different
number of hidden neurons were used. At 16 hidden neurons,
the MLP gives good results and ANN obtained 86%

accuracy, 94% specificity, 77% sensitivity, and 85% MCC,
and processing time was 7.650 seconds. 0e performances at
20 and 40 hidden neurons were low as compared with 16
hidden neurons.
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Figure 15: Processing time (s) of classifiers on selected feature s by mRMR with k-fold CV.
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Figure 14: Area under the curve (AUC) of classifiers on six important features selected by mRMR FS algorithm with 10-fold CV.
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Figure 16: MCC of classifiers at selected features by mRMR FS algorithm with 10-fold CV.
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0e performance of SVM (RBF) at C � 100, g � 0.0001
was good as compared to other values of C and g as shown in
Table 7. SVM (kernel � RBF) obtained accuracy 88%,
specificity 96%, sensitivity 75%, MCC 85%, and AUC 84%.
0e computational time was 0.002 seconds. SVM (kernel �

linear) at C � 10 and g � 0.0001 obtained accuracy 84%,
specificity 96%, sensitivity 74%, and MCC 85% with com-
putational time 0.003 seconds. 0e NB obtained classifica-
tion accuracy 83%, specificity 88%, sensitivity 77%, and
MCC 82% with processing time 6.591 seconds. We applied
100 and 50 trees for ensemble classifiers. 0e ensemble with
100 gives 84% accuracy, 92% specificity, 73% sensitivity, and
84% MCC. 0e computational time was 2.606 seconds. 0e
performance of ensemble at 50 was also good and obtained
83% accuracy, 90% specificity, 70% sensitivity, 83% MCC,
and processing time was 12.774 seconds. For random forest,
100 and 50 iterations were applied. At 100, accuracy 66%,
specificity 69%, sensitivity 62%, and MCC 66% were ob-
tained. 0e AUC value at 100 was 65%. 0e processing time
was 1.100 seconds. 0e random forest at 50 has pretty good
performance and obtained classification accuracy 83%,
specificity 92%, sensitivity 72%, and MCC 82% and AUC
was 83%. 0e computational time was 0.017 seconds. Fig-
ure 17 shows performance of classifiers on six features se-
lected by LASSO FS algorithm with 10-fold CV.

0e performance of classifiers is shown in Figure 17.
According to Figure 17, in terms of classification, accuracy of
SVM (RBF) at C � 100 and g � 0.0001 was 88% on selected
features which was good as compared to other classifiers.
Logistic regression accuracy was 87%, and ANN accuracy
was 86%. 0ese three classifiers on selected features by
LASSO give a good performance. Additionally, in terms of
specificity, logistic regression obtained 97%, and SVM (RBF)
at C � 100, g � 0.0001 was good and obtained 96% and
sensitivity of ANN was 77% and Naive Bayes 78% as
compared to other classifiers at 6 important features selected

by LASSO FS algorithm. Figure 18 shows AUC on six
important features selected by LASSO FS algorithm with 10-
fold CV.

0e ROC AUC graph of classifiers at 6 important fea-
tures is shown in Figure 18. 0e AUC values of logistic
regression and SVM (RBF) were 88% and 89%, respectively,
which were large as compared to other classifiers. 0e AUC
values K-NN, ANN, DT, and NB were 85%, 85, 84%, and
82%, respectively. Figure 19 shows processing time of
classifiers on six important features selected by LASSO FS
algorithm with 10-fold CV.

0e computational time of classifiers on 6 important
selected features LASSO FS algorithm with suitable classifiers
parameters is shown in Figure 19. 0e logistic regression
processing time was 0.008 seconds. SVM (RBF) has a pro-
cessing time of 0.009 seconds, and random forest processing
time was 0.017 seconds. DT processing time was 2.606 sec-
onds, and NB time was 6.591 seconds. 0e processing time of
ANN time was 7.650 seconds large as compared to other
classifiers. 0e lowest processing time of K-NN at k � 1 was
0.002 seconds as compared to other classifiers. Figure 20
showsMCC of classifiers on six important features selected by
LASSO FS algorithm with 10-fold CV.

0e MCC of different classifiers on six important fea-
tures was good enough as shown in Figure 20. According to
the graph, the logistic regression MCC value was 87%. 0e
K-NN MCC at k � 1 was 85% which is same as A-NN. SVM
(RBF) MCC was 88%, and SVM (linear) MCC was 85%. 0e
NB, DT, and random forest MCC were 82%, 83%, and 82%,
respectively. 0e high value of MCC shows better perfor-
mance of classifiers. 0erefore, SVM (RBF) MCC was 88%,
and it is a good predictive model for heart disease prediction.
According to the results of three feature selection algo-
rithms, the performance of best classifiers with their eval-
uation metrics has been shown in Table 10 using 10-fold
cross-validation.

Table 9: 10-fold CV classification performance of different classifiers on selected features by LASSO FS algorithm when n � 6.

Predictive model
Classifiers performance evaluation metrics

Turning parameters Accuracy (%) Specificity (%) Sensitivity (%) MCC AUC (%) Processing time (s)

Logistic regression
C � 1 85 94 74 84 86 0.012
C � 10 87 97 76 87 88 0.019
C � 0.1 83 90 75 84 84 0.069

K-nearest neighbor
K � 1 85 94 74 84 85 0.024
K � 3 84 94 72 85 83 0.016
K � 7 81 88 73 84 80 1.799

Artificial neural network
16 86 94 77 85 85 7.650
20 82 94 70 82 81 7.362
40 71 88 38 69 69 7.400

SVM (kernel � RBF) C � 10, g � 0.0001 85 94 74 85 84 0.019
C � 100, g � 0.001 88 96 75 88 89 0.009

SVM (kernel � linear) C � 10, g � 0.0001 84 96 74 85 85 0.023
C � 100, g � 0.0001 82 96 75 84 84 0.005

Naive Bayes — 83 88 78 82 82 6.591

Decision tree 100 84 92 73 83 84 2.606
50 83 90 70 83 83 2.774

Random forest 100 83 92 72 82 83 0.017

Mobile Information Systems 17



Table 10 shows that logistic regression accuracy was the
best (89%) on selected features by Relief FS algorithm as
compared to mRMR and LASSO feature selection algo-
rithms with 10-fold cross-validation. Hence, in terms of
accuracy, Relief FS algorithm is the best for important
feature selection and logistic regression is the suitable
classifier for classification of heart disease and healthy
subjects. Specificity of classifiers as shown in Table 10 in-
dicates that specificity of SVM is the best on mRMR FS
algorithm as compared to the specificity of Relief and LASSO
feature selection algorithms. 0e mRMR FS algorithm se-
lected import features for correct classification of healthy
people. Additionally, AUC values of SVM (RBF) with
LASSO FS give best results with respect to other classifiers
and feature selection algorithms.

0e sensitivity of the classifier ANN (MLP) with 16
hidden neurons is the best (100%) on the selected features

by Relief FS algorithm and correctly classified the people
with heart disease and normal people. 0e sensitivity of the
classifier Naive Bayes on a selected feature by LASSO FS
algorithm has the worst results. In the case of MCC, Relief
selects most suitable features with classifier logistic re-
gression and achieved best MCC as compared to the MCC
values of mRMR and LASSO FS algorithm. 0e AUC of
classifier SVM (RBF) with C � 100 and g � 0.001 on 6
selected features selected by LASSO FS algorithm gives the
best results. 0e other feature selection algorithms (Relief
and mRMR) in case the AUC are the worst FS algorithms.
0e computation time of different classifiers with six se-
lected features by Relief, mRMR, and LASSO FS algorithms
is given in Table 10. 0e computation time of LASSO
features selection is low as compared to Relief and mRMR
FS algorithms. For mRMR features algorithm, the classi-
fication accuracy of Naive Bayes was 84% and SVM has
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Figure 17: Performance of classifiers on six important features selected by LASSO FS algorithm with 10-fold CV.
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Figure 18: AUC on 6 important features selected by LASSO FS algorithm with 10-fold CV.
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accuracy 88% with LASSO FS algorithm. Table 11 shows
performance of best classifiers before and after features
selection.

Table 11 shows that the classification accuracy of lo-
gistic regression increased from 84% to 89% on reduced
features. Similarly, SVM (RBF) accuracy increased from 86%

to 88% with reduced features. Hence, the feature selection
algorithms select important features which increased the
performance of the classifiers and reduced the execution
time as well. 0e designing of a diagnosis system for heart
disease prediction using FS with classifiers will effectively
improve performance.
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Figure 20: MCC of classifiers on six important features selected by LASSO FS algorithm with 10-fold CV.

Table 10: Excellent performance metrics results and best classifiers with feature selection algorithms for n � 6 with 10-fold CV.

Best performances evaluation metrics and best classifiers

FS 0e best accuracy
(%) and classifier

0e best specificity
(%) and best
classifier

0e best
sensitivity (%) and

classifier

0e best MCC and
classifiers

0e best AUC and
classifiers

0e best processing
time(s) and classifiers

Relief
89 logistic

regression with C �

100

98 logistic regression
with C � 100

100 ANN (MLP)
with 16

89 logistic
regression with C �

100

88 logistic
regression

14.134 SVM ( RBF)
with C � 100, G �

0.0001

mRMR 84 Naive Bayes
100 SVM (linear)
with C � 100, g �

0.0001

98 ANN (MLP)
with 20 83 Naive Bayes 84 Naive Bayes 1.121 random forest

LASSO
88 SVM( RBF)

with C � 100, g �

0.001

97 logistic regression
with C � 100 78 Naive Bayes

88 SVM (RBF)
with C � 100, g �

0.001

89 SVM (RBF)
with C � 100, g �

0.001

0.005 SVM( linear)
C � 100, g � 0.001
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Figure 19: Processing time of classifiers on six important features selected by LASSO FS algorithm with 10-fold CV.
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4. Conclusions

In this research study, a hybrid intelligent machine-learning-
based predictive system was proposed for the diagnosis of
heart disease. 0e system was tested on Cleveland heart
disease dataset. Seven well-known classifiers such as logistic
regression, K-NN, ANN, SVM, NB, DT, and random forest
were used with three feature selection algorithms Relief,
mRMR, and LASSO used to select the important features.
0e K-fold cross-validation method was used in the system
for validation. In order to check the performance of clas-
sifiers, different evaluation metrics were also adopted. 0e
feature selection algorithms select important features that
improve the performance of classifiers in terms of classifi-
cation accuracy, specificity, and sensitivity, MCC and re-
duced the computation time of algorithms. 0e classifiers
logistic regression with 10-fold cross-validation showed best
accuracy 89% when selected by FS algorithm Relief. Due to
the good performance of logistic regression with Relief, it is
a better predictive system in terms of accuracy.

In terms of specificity, SVM (linear) with a feature se-
lection, algorithm mRMR performance was the best as com-
pared to the specificity of logistic regression with FS algorithms
Relief and LASSO as shown in Table 10.0e SVM (linear) with
mRMR-based system will correctly classify the health people.
0e best sensitivity was 100% of classifier ANN (MLP) with 16
hidden neurons on selected features by Relief. 0e classifier
Naive Bayes with LASSOFS algorithmhas the worst sensitivity.
0e ANN with Relief correctly classified the heart disease
people. 0e classier logistic regression MCC was 89% on se-
lected features by Relief FS algorithm as shown in Table 10.0e
execution time of SVMwith LASSO FS algorithm is the best as
compared to other features algorithms and classifiers. Feature
selection algorithms should be used before classification to
improve the classification accuracy of classifiers as shown in
Table 11. Hence, through FS algorithms, we can reduce the
computation time and improve the classification accuracy of
classifiers.

FS algorithms select important features that are related to
discriminate HD from healthy people. According to FS al-
gorithms, the most important and suitable features are 0al-
lium scan, type chest pain, and exercise-induced angina; the
results of all the three FS algorithms show that the feature
fasting blood sugar is not suitable for classification of heart
disease and healthy people. 0e performance of classifiers with
Relief FS algorithm important features selection is excellent as
compared to mRMR and LASSO.

0e novelty of this research work is developing a di-
agnosis system for HD.0e system used three FS algorithms,
seven classifiers, one cross-validation method, and perfor-
mance evaluation metrics for HD diagnosis. 0e system was

tested on Cleveland heart disease dataset to classify HD
and healthy subjects. Designing a decision support system
through machine-learning-based method will be more
suitable for diagnosis of heart disease. Additionally, some
irrelevant features reduced the performance of the diagnosis
system and increased the computation time. So another
innovative dimension of this study was the usage of feature
selection algorithms to choose best features that improve the
classification accuracy as well as reduce the execution time of
the diagnosis system. In the future, we will perform more
experiments to increase the performance of these predictive
classifiers for heart disease diagnosis by using others feature
selection algorithms and optimization techniques.
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With the rapid development of mobile computing, wearable wrist worn is becoming more and more popular. But the current
vibrotactile feedback patterns of most wrist-worn devices are too simple to enable effective interaction in nonvisual scenarios. In
this paper, we propose the wristband system with four vibrating motors placed in different positions in the wristband, providing
multiple vibration patterns to transmit multisemantic information for users in eyes-free scenarios. However, we just applied five
vibrotactile patterns in experiments (positional up and down, horizontal diagonal, clockwise circular, and total vibration) after
contrastive analyzing nine patterns in a pilot experiment. /e two experiments with the same 12 participants perform the same
experimental process in labs and outdoors. According to the experimental results, users can effectively distinguish the five patterns
both in lab and outside, with approximately 90% accuracy (except clockwise circular vibration of outside experiment), proving
these five vibration patterns can be used to output multisemantic information. /e system can be applied to eyes-free interaction
scenarios for wrist-worn devices.

1. Introduction

In the nowadays information society, wearable devices of
different forms have come into people’s lives in various as-
pects, simultaneously posing a challenge to the interactivity
design. With the ability of aiding in the remote monitoring of
patients, wearables provide real-time access to health records
and provide quicker diagnosis and treatment of conditions.
/erefore, more studies began to focus on how to effectively
exploit wearable technology in the field of e-Healthy [1] or
healthcare system.

In contrast to classical graphical user interfaces, wearable
devices cannot provide a good visual interaction experience
owing to their diverse designs and size limitation. Auditory
feedback is a good way to convey semantic information to
the users [2]. However, it is difficult for users to receive audio
information effectively in mobile environments, where

auditory channels are compromised by external noise and
social concerns. At the same time many researches have
shown that tactile display, without the drawbacks of visual or
auditory display, is an ideal interactive mode for distracting
situations [3–6].

Vibration is the basic tactile feedback pattern of wrist-
worn devices [7]. By this means, users can be notified
without the visual load and in private or noisy situations [8].
However, the present vibrotactile displays are too simple,
and most of them can output only two kinds of information,
i.e., “vibrating” and “not vibrating,” limiting the feedback
information received by users. /us, users tend to take
extratime to confirm what kind of information they receive
after sensing vibration. At present, there are many studies to
investigate the effects of multiple vibrotactile patterns. But
these devices array vibrationmotors on the same side [9–12].
Each kind of vibrotactile patterns always generates on the
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same plane of the wrist skin. /e skin area of the wrist is
relatively narrow. Users may be confused to confirm which
vibration motor is working during vibration.

In order to study the user’s identification of multiple
vibrotactile patterns through a device spatially arraying
vibrationmotors, we present a wearable wristband prototype
which spatially arrays vibration motors around the whole
wrist. It can produce many kinds of vibrotactile patterns,
allowing users to obtain multisemantic information trans-
mitted through the tactile channel. As shown in Figure 1,
four vibration motors are embedded into a customized
wrist-worn device. Motors vibrating in different positions or
in different orders can generate various vibrotactile patterns.
/e wristband prototype we developed could generate nine
vibrotactile patterns (four positional patterns, two diagonal
patterns, two circular patterns, and one total vibration
pattern). /rough preexperiment, we decided to use five
patterns to research.

In this paper, we first discuss the relevant researches on
tactile display for wearable devices, vibrotactile feedback
conveying rich messages for wearable devices, and which
body locations more sensitive to vibrations feedback. Next,
we present our wristband prototype system and apply five
vibrotactile patterns in our study. /en, we describe two
experiments that we conducted to examine the accuracy
with which users are able to distinguish the five different
vibrotactile patterns and the effect of wristband prototype
system on the user’s ability to perform in lab and outside
eyes-free interaction scenarios. Finally, we show some fur-
ther applications for the wristband prototype system.

2. Related Work

Wearable devices have limited visual and auditory in-
formation output channels owing to their physical charac-
teristics and complex use scenarios. Tactile display is gaining
attentions and has been confirmed as desirable feedback for
such devices. Roumen et al. [5] made a comparative study of
notification channels (light, vibration, sound, poke, and
thermal) for wearable interactive rings. /ey concluded
vibration was the most reliable and fastest channel to convey
notification. And Hsieh et al. [13] added tactile feedback in
the haptic glove which assists to interact with smart glasses
enhancing tangibility. Exploring natural vibrotactile in-
teraction has become the main research direction.

A few researchers have shown different vibrotactile
parameters (e.g., intensity, frequency, temporal pattern, and
spatial pattern) conveying rich messages for wearable de-
vices. Cauchard et al. [6] encoded the vibrations using the
duration and rhythm to represent progress. /e ActiVibe
they produced utilizing the vibrations has been confirmed
with up to 88.7% recognition rate through the outdoor
experiment and a list of factors that affect the recognition
rate was given, such as other vibrations produced during the
activity and the materials of device generating uncomfort-
able feeling. Brewster et al. [9, 14] investigated the per-
ception of Tactons which encode three dimensions of
information using three different vibrotactile parameters.
/e result reveals that spatial patterns are easier to

discriminate than frequency and intensity. Van Erp et al.
[15] designed a tactile waypoint navigation display that
consists of eight tactors around the user’s waist, and they
translated distance to vibration rhythm while the direction
was translated into vibration location. /eir experiments
indicated the usefulness of the tactile display on waypoint
navigation. In addition, previous studies also propose richer
interaction using several vibrations. Yatani and Truong [16]
proposed a real-time feedback system, SemFeel, through
multiple vibration motors attached to the backside of a
mobile device. /is system contains 10 vibration patterns
that users can distinguish them at approximately 90% ac-
curacy, and it supports accurate eyes-free interactions. Lee
and Starner [10] presented wrist-worn wearable tactile
displays that provide easy to perceive alerts for on-the-go
users. /eir system developed with three actuators in a
triangular layout on the volar side of the wrist provides 24
vibration patterns with up to 99% accuracy after 40 minutes
of training for users. And the comparison test showed users’
perception of incoming alerts for wrist-worn wearable tactile
displays does not decrease when visually distracted. All these
works can prove that vibration display is an effective way to
improve users’ interaction experience.

Studies have also been conducted to explore which body
locations are more sensitive to vibrations [17, 18]. /e results
both indicated that wrists are generally better for feeling
vibrations relative to other body parts. According to these
analysis and results, some wrist systems based on vibrotactile
feedback have been proposed. Bosman et al. [8] developed a
dual-wrist system to guide a pedestrian inside an unknown
building. /e vibrations indicated directions and stops. /e
result suggests vibration tactile output can greatly help im-
prove the performance of this kind of wearable wristband
devices and effectively reduce the disruptiveness of tech-
nology. Huxtable et al. [19] presented a tactile interface made
up of two wristbands that vibrate to the signals for left and
right turns in wayfinding devices designed for cyclists.
Dobbelstein et al. [20] presented a bearing-based pedestrian
navigation approach that utilizes vibrotactile feedback around
the user’s wrist to convey information about the general
direction of a target. And these mobile prototypes demon-
strate their feasibility in the initial navigation research.

In summary, researches on how to use vibrotactile
channels to improve the natural interaction of wearable
devices and send complex information have achieved good
results. But user interface and interactive design of wrist-worn
devices have not been studied systematically and thoroughly.
Since previous studies reveal that spatial patterns are easy to
discriminate [9]. Our research especially focuses on how
much vibration patterns wrists can accurately distinguish.

3. System

To study the acquisition of multisemantic information sent
by wrist-worn devices through vibration in eyes-free in-
teractive scenarios, we designed a hardware prototype that
generates a variety of vibration patterns. /e prototype
consists of two components (Figure 2): a PC and develop-
ment board (Figure 2(b)) to send vibration commands and a
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wristband device (Figure 2(a)) to receive vibration com-
mands and vibrate accordingly. In our experiment, the
wristband device is needed to be worn by users.

3.1. Sending End. /e physical prototype of the sending end
is shown in Figure 2(b). /e pattern of the development
board that controls the four vibration motors is Arduino
UNO R3. It works as an intermediary to receive signals from
a computer by connecting to the serial port of the computer,
and it can also control the operating power supplied to each
motor by using pulse-width modulation (PWM) to change
the duty cycle. /erefore, we use this technique to both
power on/off motors and to control their vibration intensity.

3.2. Receiving End. Considering that we just focus on vi-
bration patterns, a set of basic vibration motors, 12mm in
diameter and 3.4mm thick, have been used to output
vibrotactile information. Each motor was provided 80mA at
3V in the experiment.

Since the wrist-worn devices are in contact with the wrist
over a limited area, it is difficult to distinguish much vibration
information owing to mutual interference. In addition,

referencing the wrist-worn prototype presented by Gupta
et al. [21], we selected four locations (Figure 1) to place four
vibration motors, which are connected to an Arduino de-
velopment board to receive the vibration commands received
from the PC to the serial port through Bluetooth.

In daily life, there is a certain gap between a wrist-worn
device and the wrist, and these small gaps may affect the
users’ perception of vibrotactile feedback. /erefore, we
focus on elastic sports wristbands. As shown in Figure 2(a),
this type of wristband is close to the user’s wrist during usage
so that the vibrations of the motors can be accurately
perceived. Moreover, since our hardware prototype requires
the premise of seamless fitness, the study of vibration pat-
terns for loose wrist-worn devices (such as hand rings) is a
subject for future research.

3.3. Interactive Interface. /e running interface of the
software program is shown in Figure 3, and the program
written with the C# programming language runs on a
computer with a Windows 10 operating system. Figure 3
presents the five vibrotactile patterns that we used in the two
experiments. /ere are four types of patterns: positional (up
and down), horizontal diagonal, clockwise circular, and

(a)

Serial port

Bluetooth

To battery

Arduino board

(b)

Figure 2: (a) Front of the wrist-worn device; (b) Arduino board connected.

Figure 1: System concept map: vibrators are embedded at four positions in a wristband, corresponding to the middle points of the four sides
of the wrist.
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total. Each icon button of patterns had the same size (90
pixels × 90 pixels). /e start button means the tests start and
the program starts running. /e blue button in the middle
requires participants’ press to randomly generate vibro-
tactile patterns./e interface also displays the number of test
and the result of each test whether right or not. When the
counting number reaches the setting number, all the results
will be saved automatically.

4. Experiment 1: Natural Wristband in Lab

4.1. Participants and Apparatus. 12 participants (4 female; 8
male) from the university participated in the study. /ey are
all students, coming from Kunming University of Science
and Technology, who are randomly invited to participate in
the experiments. /e age range was 20 to 28 (mean � 23.3,
SD � 1.87). Four participants wore smart wrist devices once
previously./e hardware and interactive interface have been
introduced in the previous section.

4.2. Vibrotactile Feedback Patterns. /e only dependent
variable that we controled in this experiment is the vibration
patterns. As shown in Figure 4, we designed five patterns for
the dancing wristband prototype. /ese five vibration pat-
terns can be divided into four types: positional vibration
(single motor vibrating once); diagonal vibration (two di-
agonal motors vibrating four times); circular vibration (four
motors vibrating four times sequentially in a ring); and total
vibration (all motors vibrating simultaneously once). In
addition, the time interval from the start of vibration to the
end of vibration was 1 second for all patterns, taking into
account fairness for the perceived time of vibration.

Before deciding on these five patterns, we set up nine
patterns in a pilot experiment to explore recognition rates of
different vibration patterns./ese nine patterns include four
positional vibration patterns (up, down, left, and right), two
diagonal vibration patterns (horizontal and vertical di-
rections), two circular vibration patterns (clockwise and
anticlockwise), and one total vibration pattern. Each vi-
bration pattern repeatedly presented twelve times. /e
procedure and equipment of the pilot experiment are the
same as experiment 1. Six participants volunteered for the
experiment, and the rates of recognition are shown in
Table 1.

Although only two recognition rates of positional vi-
bration patterns are over 90%, two main problems which
should be solved have been found. (1) Vibration patterns of
the same type can very easily interfere with each other. For
example, participants have difficulty in distinguishing the

horizontal diagonal and vertical vibrotactile patterns. (2)
Diagonal vibration patterns and circular vibration patterns
have similar vibrotactile feedback and are difficult to
distinguish.

To solve these problems, we have taken the following
measures. (1) Only one vibration patternwas retained for each
type except for the positional vibration type. /rough ana-
lyzing the results, we found positional vibrations were easily
distinguished and two of them were retained. (2) Participants
prefer vibration with smoothing over vibration without
smoothing [16]. So, we set vibration intensities of the four
motors in the circular vibration pattern to be 40%, 60%, 80%,
and 100%, respectively. Except for the circular vibration
pattern with changing vibration intensity, the vibration in-
tensity was always 100%. /is is because we just focused on
evaluating how accurately participants can distinguish vi-
bration patterns rather than other vibrotactile parameters.

Finally, we determined the five patterns (positional up
and down, horizontal diagonal, clockwise circular, and total
vibration) which used in the two experiments. Each of the
five patterns had a relatively high recognition rate in their
type./ere are two advantages. (1) All types were retained to
ensure the diversity of the vibrotactile feedback. (2)
According the “magical number 7, plus or minus two” rule
in human-computer interaction, participants could effec-
tively recognize these five patterns in a short time. And, we
can explore more patterns in future.

/e generation order of the five vibration patterns in the
experiment was completely random. Each vibration pattern
was repeated four times in a block of experiments, and the
entire experiment contained four blocks. Hence, each par-
ticipant took part in

5 vibration patterns × 4 blocks × 4 repetitions

� 80 trials in total.
(1)

Positional Diagonal Circular Total

Figure 3: /e five vibrotactile feedback patterns.

Figure 4: Screenshot of the application running on a Windows
machine in the experiments.
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4.3. Task. In the experiment, the participants were required
to feel the vibration patterns randomly generated by the
wrist-worn device. As shown in Figure 3, the system ran-
domly generated a vibration pattern after the participants
clicked the blue button. /e participants needed to select a
pattern from the five representative vibration patterns
according to the vibration they felt and then clicked the icon
button for the selected pattern. Each time after a participant
made a choice, the system displayed the correct vibration
pattern in the dialog box in black font for a correct choice
and red font for an incorrect choice. /e number of com-
pleted vibrations was displayed in the upper part of the
dialog prompt box./roughout the experiment, participants
were asked to complete the task as quickly and accurately as
possible.

4.4. Procedure. Each participant was informed of the use of
this system before the experiment system. And participants
were needed to wear the wristband part of the system in their
nondominant hand and used their dominant hand to
operate the mouse and software program for interaction.

At the same time, the participants were asked to wear the
headphone which was playing music so as not to notice the
sound of vibrationmotors. And the wristband needs to sense
the signals beyond the vision of participants in order to
reproduce an eyes-free situation.

Before the formal experiment started, participants were
asked to become familiar with the whole process of the
formal experiment and practiced until they adapted to the
system. /e participants took a short break after each block
in the formal experiment. Generally speaking, a participant
completed the practice period in about 15minutes. In total, a
complete experiment lasted about 30 minutes.

4.5. Results and Discussion for the Lab Study. We tested two
kinds of data: reaction time and error rate. /e reaction time
contains two parts, the user feeling vibrotactile patterns and
choosing patterns, and the actual reaction time should be
shorter. /e error rate for each pattern was calculated per
block per participant (i.e., 100 × (the number of the wrong
responses)/4). /e results are drawn as bar diagrams as
shown in Figures 5 and 6. /e time variable was measured
from the time when motors started to vibrate to the time
when participants clicked an icon button to make a choice.
After the experiment was completed, the experimental data
were collected for calculating statistics and analysis.

Figure 5 shows the average error rates of the five vi-
bration patterns. All the average error rates are below 9%,
and the lowest average error rate is positional (down). A
one-way analysis of variance (ANOVA) test (the significant
level is 0.05) for the average error rates against pattern

indicates existence of statistically significant differences
(mean � 4.27, SD � 10.73, F4,235 � 3.94, and p< 0.01). /e
post hoc Tukey multiple comparison revealed that statisti-
cally significant differences exist between positional (down)
and circular (clockwise) (p< 0.05).

For the reaction time, all vibrotactile types average re-
action time is between 1600 and 2200ms. Positional
vibrotactile type requires shortest reaction time on average.
We made a one-way ANOVA test (the significant level is
0.05) between the four vibration types (positional vibration,
diagonal vibration, circular vibration, and total vibration).
/e result shows the existence of statistically significant
differences (mean � 1798.73, SD � 861.18, F3,956 � 20.44,

Table 1: /e recognition rate of each pattern.

Positional Diagonal Circular Total
Up Down Left Right Horizontal Vertical Clockwise Anticlockwise Total
91.7% 94.4% 88.9% 88.9% 66.7% 63.9% 83.3% 61.1% 86.1%
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Figure 5: Results of the error rate from the laboratory and outside
studies.
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Figure 6: Results of reaction time from the laboratory and outside
studies.
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and p< 0.001)./en, we combine the two types of positional
vibration into one category, so the sample sizes are un-
balanced. To accommodate the unbalance, a Scheffe multiple
comparison was used in the post hoc test. It indicated that
the reaction time for the circular vibration was significantly
different from others (p< 0.001).

Figure 7 shows the average error rates across blocks. Each
participant performs an entire experiment containing eighty
trials that divide four blocks. /e whole results of all par-
ticipants are classified according to the four blocks. /e av-
erage error rate of each block is less than 5%. Block 1 has the
lowest average error rate. And the average error rate of blocks
shows a trend of growth first and then tends to be stable. A
one-way ANOVA test (the significant level is 0.05) for the
average error rates against block indicates that there is no
statistically significant difference (mean � 4.27; SD � 3.57).

Figure 8 shows the average reaction time across blocks.
/e average reaction time of each block is between 1700 and
1900ms. Block 2 requires the shortest reaction time on
average. /e trend fluctuates slightly between blocks. A one-
way ANOVA test (the significant level is 0.05) for the re-
action time against block indicates that there is no statis-
tically significant difference (mean � 1798.73; SD � 355.40).

/e results indicate that participants were able to dis-
tinguish the five vibrotactile patterns, and recognition ac-
curacy of all patterns is more than 90%. But the recognition
accuracy of the diagonal pattern and circular pattern is lower
than average (average recognition accuracy of all patterns is
95.73%). By comparing the change of average error rates
between blocks, error rate rises between block 1 and block 2.
One possible reason is that participants may feel a little
numb after long-time participation. /eir ability to respond
to the stimulus decreases, so the reaction time increases. We
need to give them enough break time to rest after they adapt
the wristband prototype and after finishing each block
experiment.

5. Experiment 2: Outdoors Natural Wristband

We used the same equipment to run the experiment, and
participants of experiment 2 are the same as experiment 1.
/is time participants needed to go outside, and not just
sitting. /ey took some activities instead, such as walking
and jogging.We need to do various activities in daily life, but
the laboratory environment does not represent all the real
living environments. We chose the outdoor scene in the
university, surrounded by many classrooms and a bus sta-
tion, where many people would come and go.

/e participants came outdoors to the experiment, so an
experimental assistant was also required to help the par-
ticipants choose the vibration types (Figure 9).We alsomade
sure the assistant was within the range of hearing the
participants’ answers exactly.

5.1. Procedure. Participants wore the wristband part of the
system in their nondominant hand to feel vibrotactile
patterns. Meanwhile, participants needed to walk within a
range rather than standing still. When the participants felt

vibration, they were required to speak out which pattern
they felt./en, the assistant chose the answer and performed
subsequent interactions through the interactive interface.

Before the formal experiment started, the participants
and the assistant were asked to get familiar with the whole
process practiced until they cooperated well. Each partici-
pant repeated twenty trials in a block of the formal exper-
iment which consists of four blocks. /e participants could
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Figure 7: Results of the error rate across blocks from the laboratory
and outside studies.
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Figure 8: Results of reaction time across blocks from the laboratory
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Figure 9: /e outdoors experimental setup.
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take a short break after each block. In total, an entire ex-
periment took about 30 minutes.

5.2. Results and Discussion for the Outdoors Study.
Although the number of participants involved in the ex-
periment is limited, some conclusions can be drawn from
the statistical analysis. /e results are shown in Figures 5–8
and compared with the results of the laboratory study.

Figure 5 shows all the average error rates below 8%
except the circular vibrotactile pattern (its average error rate
is 13.5%). /e average error rates are statistically significant
different in the dynamic state for the five vibration patterns
(mean � 7.08, SD � 13.98, F4,235 � 3.86, and p< 0.01). And
after the post hoc Tukey multiple comparisons, it discovered
that the statistical difference exists between positional
(down) pattern and circular pattern, and total pattern and
circular pattern(p< 0.05).

/e one-way ANOVA test (the significant level is 0.05)
suggests that there is a statistically significant difference
between the reaction times under dynamic conditions for
the four vibration types (mean � 2009.22, SD � 1162.07,
F3,956 � 6.29, and p< 0.001) outside. /e post hoc Scheffe
multiple comparison revealed that there are statistically
significant differences between the two groups: positional
pattern and circular pattern (p< 0.05), total pattern, and
circular pattern (p< 0.001).

/e result of error rates across blocks is different from
the experiment 1. Its tendency changes from high to low
and then stabilizes. A one-way ANOVA test (the signifi-
cant level is 0.05) for the error rates against blocks in-
dicates the existence of statistically significant differences
(mean � 7.08, SD � 6.75, F3,44 � 3.59, and p< 0.05). /e
post hoc Tukey multiple comparison revealed that sta-
tistically significant differences exist between block 1 and
block 3 (p< 0.05). However, the one-way ANOVA test
results of average reaction time against blocks are the same
as those of the experiment. /ere is no statistically sig-
nificant difference between blocks (mean � 2008.28; SD �

438.94).
/e results show that participants can still recognize

the five vibrotactile patterns. /e recognition accuracy of
all patterns is more than 90% except circular pattern (its
recognition accuracy is 86.5%). And compared with the
results of experiment 1, all the results of experiment 2 are
higher except the average error rate result of blocks.
Maybe users’ perceptual ability will be disturbed when the
outdoors are noisy and they are in a dynamic state. Ad-
ditionally, there is still a gap between wristband and skin,
and it will affect participants to feel motor vibration. /ese
findings prove that users can recognize multiple vibro-
tactile patterns and the efficacy of our wristband
prototype.

6. Implications

/is research can be applied to nonvisual interaction envi-
ronments because the vibrotactile channel suffers least from
interference originating in external environments compared
with other output channels.

Example 1. Navigation for the blind and warning of obstacles
in different directions. Walking outdoors is inconvenient for
the blind because they cannot visually obtain information, but
different vibrotactile feedback patterns on the wrist can
provide them with navigation direction and obstacle
warnings.

Example 2. Different vibration prompts for different ap-
plication messages on mobile phones. People in a complex
environment often cannot receive mobile phone messages in
a timely manner. After establishing contact with a mobile
phone via Bluetooth, wristband devices can vibrate ac-
cordingly when a mobile phone receives application mes-
sages so that users do not miss the messages and can
determine the types of messages received.

7. Conclusions and Future Work

Existing wristband devices do not support various vi-
bration patterns, thus limiting users’ perceptions of in-
formation from wristband devices in nonvisual interaction
scenarios. To solve this problem, we have developed a
vibration feedback-based dancing wristband system that
controls multiple vibration motors embedded in a wrist-
band to generate different vibration patterns for multi-
semantic information transfer in eyes-free scenarios. /e
experiment we conducted verified that users can identify
five kinds of vibration patterns, and the experimental
results show that users can successfully recognize all
patterns at a rate over 90% in the static state, meanwhile,
the rate over 85% in the dynamic state. /e following
factors may affect the users’ performance of the system:
firstly, the material of the wearable wristband that contains
four motors is not thin enough for users to feel vibration;
secondly, the contact surfaces of motors (left and right
sides of the wrist) and wrist are not large enough, so the
users are not sensitive to vibration generating from the two
sides.

Although the results in this paper proved the effect of
our system, much further research is required. We need
to do much further work to enhance users’ experience of
the wearable wristband according to these possible
influencing factors. We can improve users experience
through changing the material of wristband or adding
other tactile forms to form a mixed tactile pattern. Since
the system requires users’ to distinguish between dif-
ferent vibration patterns, we will explore more vibration
patterns that can be accurately identified. /e partici-
pants of our experiments are young people, and we will
explore the availability of this wristband prototype sys-
tem at different ages.

Data Availability

/e data used in all the charts of this article are derived
from the analysis of the original data. /e original data have
been uploaded, and the connection is as follows: http://
dataremain.oss-cn-beijing.aliyuncs.com/.
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